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7Preface
Magnetic Resonance Imaging (MRI) is currently the most versatile imaging 
modality to study the human brain non-invasively. Having the ability to assess 
brain structure and function using a wide variety of contrast mechanisms, 
MRI has become one of the most frequently used tools in present day 
neuroscience. One of these contrast mechanisms is the diffusive motion 
of water molecules in tissue that is being exploited with diffusion MRI 
(dMRI). dMRI is typically applied to generate maps that decipher the tissue 
microstructure based on the diffusion restriction by cellular membranes. 
Due to the coherent arrangement of nerve fibres (axons) in white matter, 
diffusion is anisotropic in space; by conceptualising axons as thin tubular 
structures it becomes apparent that diffusion parallel to the nerve bundle is 
less restricted than perpendicular diffusion. By measuring diffusion in many 
different directions, we can infer microstructural features of tissue (e.g., 
fibre orientation) from the diffusion profile with dMRI. This principle is the 
fundamental basis of the studies throughout this thesis.
Although dMRI poses exquisite sensitivity to a range of tissue alterations, its 
specificity is poorly determined making it oftentimes challenging to interpret 
an MRI without any a priori knowledge. A major thrust in the MRI community 
is to address these challenges by developing more sophisticated models 
targeting specific tissue features and validating existing methods against 
reference measures. The work presented in this thesis evaluates the outcomes 
of dMRI methods against microscopy data. In addition to histology, we 
adopted polarized light imaging (PLI) to compare against dMRI. PLI measures 
the axonal fibre orientation in thin post-mortem brain sections and provides 
semi-quantitative measure for myelin density. Being a relatively new imaging 
technique for white matter, the value of PLI in the context of dMRI validation 
was undetermined. We demonstrate how PLI can complement existing dMRI 
methods, reveal novel anatomical insights and study levels of myelination in 
diseased tissue.
To address the title of this thesis – Multiscale imaging of white matter 
microstructure – we can think of the brain at various scales. Length scales 
range from the microscale at the level of individual neurons up to the 
macroscale where large white matter bundles connect distant brain areas with 
each other. dMRI is spanning a large fraction of these length scales. It is not 
able to image individual neurons, but it does provide microscopic sensitivity 
8to features much smaller than the imaging resolution. Using microscopy, 
we aim to ameliorate the interpretation of dMRI at the microscale. A very 
different kind of scale is that of study size, which can range from individuals 
to populations. Both ends at the scales of people are important in different 
contexts; ultrahigh-resolution microscopy is generally limited to individuals 
due manual labour involved, but provides exquisite detail of the brain. At the 
other end, by studying populations we can establish normative descriptions 
that enables us to classify individuals (e.g., outliers may identify who is at risk 
for a disease). MRI is very suitable for studying populations, once standardized 
acquisition – and processing-protocols have been established. Having 
MRI data from a large cohort, we can make inferences from, for example 
microstructure and study its effect on brain function, lifestyle, behaviour, 
disease, aging or genetics. Throughout this thesis, we adopt this multiscale 
approach by combining microscopy with dMRI (spatial scale) and studying 
large amounts data from participants in the UK Biobank (population scale). 
Thesis outline
Chapter 1 introduces the concepts and techniques that are being employed 
throughout the research chapters of this thesis. We begin by describing 
white matter constituents from a biological perspective and highlight the 
importance of studying white matter. Next, an MR-physics section introduces 
the fundaments of dMRI and how we can use it to study white matter. 
Following MRI, we introduce PLI and its use in imaging myelinated axons. 
Chapter 2 is the first research chapter that assesses the accuracy of dMRI 
tractography. Tractography is the art of delineating white matter pathways 
in the brain from the fibre orientation estimated at each imaging voxel with 
dMRI. Motivated by a clinical syndrome (cerebellar mutism), tractography 
was performed in the dentatorubrothalamic tract in an ex-vivo human brain 
specimen and compared against a 3D reconstruction of myelin stained 
sections. 
In addition to fibre orientation, advances in dMRI microstructure modelling 
enable the quantification of subtler features of the fibre configurations. 
Fibre orientation dispersion is one such features that describes the relative 
spread of fibres within a voxel that can originate from fanning, low angular 
fibre crossings and/or fibre undulations. In Chapter 3 we compared estimates 
of fibre orientation dispersion derived from dMRI to several microscopy 
measures. Three post-mortem brain specimens were scanned with dMRI and 
analysed with a two-compartment dispersion model. The specimens were 
9then sectioned for microscopy, including PLI estimates of fibre orientation 
and histological quantitative estimates of myelin and astrocytes.
In Chapter 4 we studied white matter alterations in post-mortem hippocampus 
specimens of subjects diagnosed with amyotrophic lateral sclerosis (ALS). A 
significant proportion of ALS patients develop some level of cognitive decline 
that meets the criteria for frontotemporal dementia (FTD). While it is known 
that both diseases are affected by the accumulation of TDP-43 protein 
inclusions in various brain regions, less is known about the white matter 
deficits shared by them. Here, we applied dMRI with subsequent microscopic 
analyses using PLI and immunohistochemistry to study white matter changes 
in the perforant path of the hippocampus supporting a multi-spectrum 
disorder observed in ALS and FTD patients. 
We conclude the research chapters of this thesis with Chapter 5 by studying 
the functional relevance of white matter microstructure. White matter tracts 
contain thousands of axons that facilitate communication between distant 
brain areas. Axonal properties, such as axon diameter and myelination affect 
conduction velocity and thus influence synchrony in brain communication. 
This study addressed a fundamental question in neuroscience: is functional 
connectivity (synchrony) between brain regions mediated by the microscopic 
properties (microstructure) of the white matter pathways that connect 
them? Functional connectivity was quantified from resting-state functional 
MRI between homologous brain regions that are connected through 
the corpus callosum. By characterising the microstructural profile of the 
callosal pathway connecting a specific region pair, we created a model to 
predict functional connectivity from white matter microstructure. Finally, 
the microstructure – function relationships were underpinned by genetics 
variants in a genome-wide association study (GWAS). The reported genes 
encode proteins that fulfil important functions in the development and 
maturation of the brain. 
Finally, a summarizing discussion with concluding remarks is given in Chapter 
6. 
10
   Chapter
         1
White matter in the human brain
12
Chapter 1
The following chapter is an introduction to imaging white matter in the human 
brain. We begin by outlining the relevant white matter constituents from a 
biological perspective. Several cell-types and major white matter components 
– for example myelin – are discussed. Next, we discuss several imaging 
modalities to study white matter in the human brain. An overview is given of 
Magnetic Resonance Imaging (MRI), a non-invasive imaging technique that 
is adopted in all research chapters of this thesis. In particular, diffusion MRI 
is applied to study white matter tissue architecture at microscopic level. As 
diffusion MRI has several shortcomings, validation of diffusion MRI methods is 
desirable and performed in the first two research chapters of this thesis. Here, 
validation is performed against reference measures, commonly obtained from 
microscopy data in ex-vivo specimens. The final part of this chapter highlights 
several of such microscopy techniques suited for the evaluation of diffusion 
MRI with a strong emphasis on polarized light imaging, a microscopy method 
to image myelinated nerve fibres.
Grey and white matter
Perhaps the first thing a young neuro-anatomist is taught is the distinction 
between the two common tissue types in the brain, i.e., grey and white matter. 
The outer layer of the brain, the – cerebral or cerebellar – cortex, consists of 
mainly grey matter. The term grey matter is also ascribed to tissue in subcortical 
structures, such as the basal ganglia and the thalamus and other nuclei in the 
brainstem and cerebellum. The primary cell type that constitutes white and 
grey matter is the neuron. The body of the neuron with its nucleus resides in 
grey matter and has a long slender projection – an axon – that connects to 
other neurons. A small fraction of these axons are long-range connections 
that traverse the white matter to connect with neurons in distant brain areas. 
The white matter tracts are often organized in a coherent manner, forming 
bundles of thousands of axons oriented in along the same direction. The pale 
colour of white matter is caused by myelin, a fatty substance wrapped around 
most axons that acts as an electrical insulator. The distinction between softer 
yellowish cortex and the harder white substance was first appreciated by 
Andreas Vesalius in the seventh book of De Humani Corporis Fabrica (On the 
fabric of the human body) in 1543. The substance now known as white matter 
was originally was termed “medulla”, the Latin word for marrow, by Arcangelo 
Piccolhomini in 1586. Given these two tissue types, the brain can be thought 
of as a network. Adopting language from graph theory, the grey matter areas 
form the network “nodes” that are connected via “edges” formed by axonal 
bundles that traverse through white matter. 
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White matter components
Neurons
It is estimated that the human brain comprises up to 86 billion neurons 
(Herculano-Houzel, 2012). Together they form an immensely complex, 
yet extremely well-organized network capable of performing highly 
sophisticated tasks. The neuron is a processing unit that receives, processes 
and transmits information through electrical (action potentials) and chemical 
(neurotransmitters) signalling. Although neurons show a wide variation in their 
morphological features, they are all composed of a few basic components. 
•	 Soma. The body of the neuron (or soma), contains the cell-nucleus 
and resides mostly in grey matter areas of the brain. The diameter of a 
neuronal cell-body may vary from 4 μm for cerebellar granule cells up 
to 20 μm for pyramidal cells in the central nervous system. 
•	 Axons. The axon (or nerve fibre) is a thin projection that conducts 
action potentials (electrical impulses) from the soma to the axon 
terminal where it connects to other neurons or muscle cells. They 
vary drastically in length; from just 10μm within a brain area or several 
centimetres to connect distant brain regions, up to 1 metre to connect 
with the periphery. The majority of axons in human white matter have 
a diameter of 1 μm, but some axons can have diameters up to 10 μm 
(Aboitiz et al., 1992). To enhance the conduction velocity of action 
potentials, many axons are surrounded by a fatty membrane layer 
called myelin. Action potentials occur when the axonal membrane 
potential rapidly rises and drops. This depolarization causes 
surrounding membrane to depolarise as well such that the action 
potential is propagated. The myelin sheath promotes conduction 
velocity of action potentials and is created by non-neuronal glial cells. 
Myelin gives rise to the pale colour of white matter, as discussed 
below. 
•	 Dendrites. Neurons receive chemical signals from other neurons in a 
special part of the cell called a dendrite. These branched extensions 
of the soma have spines that connect with the axons of upstream 
neurons and are generally no longer than 1 mm. The term neurite is 
used to indicate all fibrous projections of a neuron, i.e., both axons 
and dendrites. While neurons typically have a single axon, there can 
be multiple dendritic branches. The architecture of the dendritic 
arbor (branching) is closely related to the function that is fulfilled 
by the neuron, more branches will yield increased connectivity with 
upstream neurons. Purkinje cells in the cerebellum have the largest 
dendritic arbors in the human brain.
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•	 Synapses. The contact points where an axon connects to the 
dendrites of another neuron are called synapses. They are composed 
of a pre – and postsynaptic components with a synaptic cleft in 
between them. When an action potential enters the axon terminal, 
neurotransmitters are released through the pre-synaptic membrane 
into the synaptic cleft. Receptors on the postsynaptic membrane bind 
these neurotransmitters and pass on information to the subsequent 
neuron. The above applies to chemical synapses, but electrical 
synapses – or gap junctions – refer to two packed membranes with 
channels allowing direct conduction of nerve impulses. 
Numerous types of neurons are found in the central nervous system, often 
organized in the same area fulfilling similar functions. In the spinal cord, 
neurons are often classified as sensory neurons, motor neurons, or inter-
neurons. In the brain, the distinction between types of neurons is much more 
complex. Surely, there are sensory (afferent) neurons in the brain that receive 
input from sensory receptors in the peripheral nervous system. For example, 
neurons in the primary sensory cortex get stimulated by a range of sensory 
receptors in the skin after the sense of touch or pain. Vice versa, motor 
(efferent) neurons get their input from other neurons and project these to 
control muscles and glands. However, neurons of certain type in the brain can 
be further classified based upon way they act to the downstream neuron they 
connect to, i.e., excitation and inhibition. Excitatory neurons can increase the 
activity of the neuron they connect to, while inhibitory neurons silence the 
post-synaptic neuron. Excitatory and inhibitory behaviour is determined by 
the type of neurotransmitters that are released in the synaptic cleft when an 
action potential arrives, as well as the post-synaptic receptor. Although there 
is a wide variety of neurotransmitters, generally speaking causes glutamate 
excitatory behaviour, while inhibitory neurons release gamma-aminobutyric 
acid (GABA) into the synaptic cleft. Finally, neuronal classification is not 
limited to the type of neurotransmitter. Neurons employing a certain 
neurotransmitter can still vary in their electrical properties, shape and genes 
expressed (Bota & Swanson, 2007).  
Myelin 
One the major components of white matter is myelin that is wrapped 
around neuronal axons. Myelin is composed of several glial membrane layers 
consisting proteins and lipids. The key proteins of the myelin sheath are myelin 
basic protein, proteo-lipid protein, and myelin associated glycoprotein. These 
proteins are often used as targets in immunohistochemistry to visualise 
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myelin in histological sections. The glial cells that myelinate axons are 
oligodendrocytes in the central nervous system and Schwann cells in the 
peripheral nervous system. The mechanism of axonal myelination by these 
glial cells are somewhat different. Therefore, we restrict ourselves myelin 
generated by oligodendrocytes throughout this thesis. The membrane 
projections from a single oligodendrocyte can form multiple sections of 
myelin, and are typically attached to more than one axon. Up to 40 membrane 
layers can be spiralled around an axon by the myelin sheath, depending on 
the size of axon. This dependency is frequently expressed as the g-ratio 
((axon+myelin diameter) / axon diameter) (Rushton, 1951). 
Myelin is often portrayed as an insulator analogous to electrical circuitry. 
This analogy is not exactly accurate though; electrical wires are generally 
insulated to prevent short circuits, whereas the primary function of myelin 
is to enhance the conduction velocity of action potentials by decreasing 
the fibre capacitance. Furthermore, the myelin sheath is not a continuous 
tube surrounding an axon; but it is instead disrupted by little gaps, the so-
called nodes of Ranvier. In the case of unmyelinated axons, action potentials 
propagate through a local circuit of ion currents on the axonal membrane 
that depolarize adjacent sections of the membrane. The presence of the 
myelin sheath blocks these local ion currents through the axonal membrane. 
As such, depolarization can only occur at the nodes of Ranvier. Together 
with myelin’s low capacitance, the remaining membrane between the nodes 
depolarizes quickly, facilitating an increase in conduction velocity (Morell 
& Quarles, 1999). Rather than a continuous wave-like propagation, action 
potentials jump from one node to the other in myelinated axons, a process 
known as saltatory conduction.
Rapid transmission of information is obviously advantageous from an 
evolutionary perspective, allowing fast response to external factors (e.g., 
getting attacked by a predator). In addition to myelination, the propagation 
speed of action potentials is also affected by axon diameter (and many other 
properties). While increasing axon diameters is adopted by some invertebrates 
(e.g., the diameter of a squid giant axon can reach up to 1 mm), the energy 
consumption and spatial occupation associated with this approach is 
disadvantageous compared to the myelination of axons. That said, an axon is 
not always myelinated to reach maximum conduction velocity, supported by 
the fact that myelinated axons appeared to have large unmyelinated sections 
(Tomassy et al., 2014). Although this was demonstrated in cortical (grey matter) 
areas, it suggests that axons are not simply designed to transport information 
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at maximum velocity between neurons. Instead, it is the synchronous flow 
of information what makes a neural circuit function in an optimal manner. 
Through adding extra myelin layers or entire new myelin sheaths to 
unmyelinated gaps, oligodendrocytes control the conduction velocity of 
axons according to requirements (Salzer & Zalc, 2016). As such, myelin is 
increasingly implicated to play an important role in neural plasticity. Neural 
plasticity is the adaptive ability of neurons to change in form and function in 
response to local environmental changes (Kaas, 2001). The term plasticity with 
regards to brain development is often associated with the formation of new 
connections between neurons at synaptic level and is therefore frequently 
termed synaptic plasticity. However, as recent MRI methods demonstrated 
white matter changes in the human brain during learning (Scholz et al., 
2009), the role of myelin in plasticity is regaining interest (Chang et al., 2016). 
Conduction velocity is an often overlooked feature, but essential for synaptic 
plasticity (Fields, 2015). A couple of milliseconds delay between two input 
action potentials may already silence the postsynaptic neuron and can cause 
synapses to weaken. Thus, modulating the conduction velocity of axons aids 
to the synchronized arrival of action potentials (Pajevic et al., 2014).
Glia
Glial cells were mentioned before as the cells that form myelin sheaths 
around axons, namely oligodendrocytes. In addition to oligodendrocytes, 
many more types of glial cells are found in the brain. Glial cells, or simply 
glia, are non-neuronal cells that fulfil many support functions in the brain. 
In addition to the formation of myelin, glia supply the nervous system with 
nutrients, maintain homeostasis and play an active role in the immune system. 
They are furthermore increasingly appreciated to play in an important role 
in neurodevelopment and brain function (Allen & Barres, 2009). Glia come 
in a variety of sizes and shapes. Astrocytes are the most abundant type of 
macroglia in the brain, with the diameter of their soma ranging from a few 
micron up to 10 μm. Protoplasmic astrocytes are mostly found in grey matter 
areas, fibrous astrocytes are more common in white matter (Kettenman 
& Ransom, 2013). Their many processes envelop synapses or wrap around 
endothelial cells that form the blood-brain barrier to transport nutrients into 
the brain. Astrocytes also control homeostasis of the extra-cellular space near 
synapses by regulating the levels potassium ions and neurotransmitters. And 
although the exact mechanism remains poorly understood, through signalling 
of neuroactive substances and trophic factors astrocytes help control synaptic 
plasticity (Barres, 2008). In white matter, astrocytes have their somas situated 
in between axonal bundles with their far-reaching processes often parallel to 
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the orientation of axons. The glial fibrillary acidic protein (GFAP) is the most 
common marker to visualize astrocytes in histological sections.
Much larger than astrocytes are the myelin producing oligodendrocytes that 
disperse their processes encompassing axons to form myelin sheaths. The 
soma is usually oval-shaped in sections, with an average diameter around 15 
μm in the rat corpus callosum (Bakiri et al., 2011). Besides the formation of 
myelin, oligodendrocytes ensure the provision of nutrients to axons.
The smallest type of glia are microglia, the immune system cells of the CNS 
making up 10% of the total amount of glia. Microglia appear to be sensitive 
the extracellular changes (e.g., injury or foreign substances) upon which they 
can act through the secretion of inflammatory cytokines and phagocytosis 
or possibly signal these changes to surrounding neural cells and non-CNS 
immune cells (Barres, 2008). 
White matter fibre systems
Networks can be investigated at multiple scales in the brain (Fig. 1.1). At the 
microscale, networks are found at the level of neurons and synapses. At the 
mesoscale, the cerebral cortex has local circuits of neurons (~100) organized 
in a columnar fashion (“mini-columns”) spanning all cortical layers, which are 
thought to function as a unit (Mountcastle, 1997). Finally, large brain regions 
and fibre pathways are connected to form a network at the macroscale 
(Sporns et al., 2005). 
Figure 1.1. Spatial scales in the human brain. Image adapted from (Roebroeck et al., 2018).
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Fibre populations in the brain are commonly classified in three separate 
categories; projection, association and commissural fibres. 
•	 Projection fibres are nerve fibres that couple the cortex with lower 
parts of the brain, the spinal cord and the peripheral nervous system. 
These can be further subdivided into efferent and afferent fibres, 
depending on the directionality of action potentials with respect 
to the brain. Efferent fibres carry action potentials from the brain 
towards the spinal cord. These are often considered to be motor 
fibres, projecting from the primary motor cortex towards motor 
neurons in the spinal cord. In distinction, afferent fibres transport 
mostly sensory information from the periphery into the brain. The 
corticospinal tract is the largest projection pathway in the brain, 
including both efferents and afferents projecting to the motor and 
sensory cortices, respectively. 
•	 Association fibres are the most numerous in the brain; they connect 
areas within a (cerebral) hemisphere and are commonly referred to 
as intrahemispheric connections. Association fibres subserve many 
of the higher cognitive functions unique to primates, humans in 
particular. Possibly the longest association fibres are found in the 
superior longitudinal fasciculus, connecting the temporal – and 
occipital lobe with the frontal lobe. Much shorter association bundles 
are found between adjacent cortical gyri, i.e., the U-fibres named 
after their shape. A large number of intermediate sizes of association 
fibres exist.
•	 Commissural fibres (or interhemispheric fibres) connect the cerebral 
hemispheres with each other. The corpus callosum (see Box 1) is the 
largest commissural fibre bundle in the human brain. Interhemispheric 
communication is established by the corpus callosum for almost the 
entire brain, from anterior to posterior. Further commissures include 
the anterior and posterior commissures, the habenular commissure 
and the hippocampal commissure in the fornix. 
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Box 1. The corpus callosum
Figure 1.2. Corpus callosum fibres connecting the cerebral hemispheres revealed with gross 
dissections and illustrated by Achille-Louis Foville in 1844. Para-sagittal organization of the 
corpus callosum shows that specific systems in the brain connect through distinct portions of 
callosum. Right image inspired by (Paul et al., 2007).
The largest white matter bundle in the human brain is the corpus callosum, 
initially named by Galen but first described in Vesalius’ seventh book in 1543. 
It connects the left and right cerebral hemispheres with each other and is the 
major commissure of the brain. The corpus callosum is generally subdivided 
in three separate regions; frontal cerebral areas are connected via the genu 
of the CC, the midbody is comprised of axons from the superior areas of the 
brain and the splenium connects occipital and temporal regions. 
The corpus callosum further exhibits a topographical organization to distinct 
cortical areas (see Fig. 1.2), with each callosal segment comprising specific 
functional specializations. Evidence for functional organization comes 
primarily from animals studies where tracers are injected in a cortical area 
to follow the axonal course through the corpus callosum (Schmahmann & 
Pandya, 2009). Similar topographical mappings in the corpus callosum were 
demonstrated with diffusion MRI tractography in humans (Hofer & Frahm, 
2006; Wahl et al., 2007). The fibres in the corpus callosum can facilitate 
homotopic connections (between the equivalent cortical area in each 
hemisphere) or heterotopic connections (between different cortical areas in 
the hemispheres). The majority of callosal axons connect homotopic areas 
with each other. 
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Surprisingly, relatively normal brain function is even possible with the absence 
of a corpus callosum. Subjects with callosal agenesis or split-brain patients 
(i.e., patients with a surgically severed corpus callosum, usually to treat 
epilepsy) are well able to live a normal life (Paul et al., 2007). Nevertheless, 
interhemispheric communication is essential for performing functions that 
involve bimanually coordinated motor activity. Early studies in animals show 
that the corpus callosum supports hemispheric specialization. For example, 
Doty et al demonstrated that the corpus callosum provides access for a 
hemisphere to memory traces deposited in the other hemisphere. Macaques 
were trained to respond to an electrical stimulus in the visual cortex in a 
certain hemisphere. As long as the corpus callosum was intact, the animals 
responded to an electrical stimulus that was given in either hemisphere. 
However, once the splenium was transected with a thin wire inserted a priori, 
responses were only given after stimulation of the visual cortex in the trained 
hemisphere (Doty et al., 1973). Another demonstration of the importance 
of callosal functioning is found in some split-brain patients who cannot 
pronounce words presented in the left visual field. This visual stimulus enters 
the right visual cortex, but with an absent corpus callosum, the information 
is not transferred to language areas in the left cerebral hemisphere. Taking 
these examples together, the corpus callosum facilitates transfer of memories 
between the hemispheres, bilateral coordination and supports hemispheric 
specialization (e.g., language).
White matter imaging
The rapid gain of white matter knowledge in the past century can be almost 
entirely ascribed to technological advances. For example, nineteenth century 
scientists already appreciated myelin as a hallmark for plasticity, largely due 
to technical considerations; a 10 micrometre myelin sheath is easier resolved 
with a light microscope than a 20 nanometre synapse (Kettenman & Ransom, 
2013). With the development of electron microscopy and single-cell electro-
physiological recordings in neurons, it soon became evident that synapses are 
crucial for neural plasticity. Image modalities are often designed for a specific 
spatial scale and especially in neuroscience these spatial scales span many 
orders of magnitude (Fig. 1.3).  
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Figure 1.3. Imaging modalities operating at various spatial scales in the human brain. Image 
adapted from (Roebroeck et al., 2018).
Despite the technological revolution of the past decades, having both whole 
brain spatial coverage and simultaneously ultra-high spatial resolution remains 
challenging – if not impossible – with present-day methods. Specifically, 
post-mortem microscopy studies of nervous tissue are often limited to small 
sample sizes but have the benefit of mapping the tissue architecture very 
accurately. Electron microscopy, for example, is able to accommodate sub-
nanometre spatial resolution, but is generally only feasible in tissue blocks 
up to a few hundred microns. Furthermore, as these methods are expensive 
and laborious, high throughput is challenging and usually not performed in 
large populations. This is further complicated by the sampling variability of 
tissue blocks that suffers from insufficient precision and reproducibility to 
compare the exact same anatomical area between subjects. By comparison, 
MRI is free from such limitations by selecting regions-of-interest post-
hoc or performing whole brain analyses, bearing in mind that the imaging 
resolution is much poorer (3 to 6 orders of magnitude compared to light – 
and electron microscopy, see Fig 1.3). Furthermore, because MRI acquisition 
and processing tools are relatively standardized and fast, imaging of large in-
vivo cohorts (up to the levels of populations) is much more feasible than most 
other imaging modalities. Nevertheless, though MRI often demonstrates an 
exquisite sensitivity to a range of tissue alterations, its specificity is low. This 
makes it sometimes challenging to establish a diagnosis from an MRI scan 
without any a priori knowledge of the patient (European Society of Radiology, 
2010). 
Modern neuroscientists are thus armed with a broad toolkit, with each 
individual technique covering a unique range of resolution, field-of-view and 
species, but no single tool providing a complete picture. In order to bridge 
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across scales, one key strategy is to use a combination of techniques that 
complement each other. This multimodal approach is adopted throughout 
this thesis; by merging MRI methods with microscopy techniques, we aim to 
close the spatial gap in imaging white matter. The remainder of this chapter 
focuses on methods to study white matter in the human brain. First, an 
extensive overview of diffusion MRI is given, after which several microscopy 
techniques are discussed that are suitable for the validation of diffusion MRI 
measures. In particular, we will focus on polarized light imaging, a relatively 
new ex-vivo microscopy method with a unique sensitivity to myelinated axons. 
Magnetic Resonance Imaging
Currently, the most widely used technique for studying the human brain in-
vivo by both scientists and clinicians is MRI. MRI makes use of the magnetic 
spin properties of protons in tissue. As there are plentiful sources of contrast 
to generate images, MRI is a very flexible imaging modality under constant 
development. One of these sources of contrast is the diffusive motion of 
water molecules at cellular level that can be used to infer microstructural 
information from tissue. Diffusion MRI (dMRI) is widely applied in white 
matter to estimate the fibre orientation of axonal bundles. Perpendicular 
to the orientation of an axon, water molecules are restricted by the axonal 
membrane, myelin and other cellular structures. Though not being completely 
free, diffusion parallel to the orientation of axons is less restricted compared 
to perpendicular diffusion. By measuring diffusion over a range of directions, 
a 3-dimensional diffusion profile can be constructed for each voxel in the 
brain. The shape and orientation of the diffusion profile is related to the 
microstructural tissue environment in which the water molecules diffuse. 
Furthermore, functional MRI (fMRI) assesses brain function based on the 
magnetic differences between oxygenated and deoxygenated blood. The 
oxygen consumption of the brain area indirectly relates to its activity. The 
variation in magnetism causes the local field to become more homogenous 
as blood oxygenation rises. fMRI makes use of this principle by measuring the 
blood oxygenation level dependent (BOLD) signal at short time intervals to 
get an estimate of the activation levels in the brain. Before we go into dMRI 
and fMRI, a couple of basic MRI principles are discussed first.
Magnetism
At molecular level, protons can be thought of little magnets. As protons (or 
other nuclei with a non-zero spin, e.g., 13C) enter a magnetic field, they appear 
to rotate around their own axis, causing precession. Also, the protons have a 
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preferential orientation along the direction of the main magnetic field, B0. It 
is not the case that each individual proton aligns perfectly with the magnetic 
field, but there is a net magnetization (M) parallel to B0. The precession rate 
of protons is proportional to the Larmor frequency (ω0) and is given by:
The precession frequency is purely dependent on the magnetic field strength 
of an MRI scanner (typically 1.5 – 3.0 T in clinical settings), and the gyromagnetic 
ratio (γ) of the spin investigated, usually protons. Precession frequency is an 
important concept in MRI; by varying the frequency of protons spatially, we 
can localize their position in space. As the gyromagnetic ratio is a constant, 
the only manner to vary the spin frequency is by changing the magnetic field 
strength.
In addition to the main magnetic field, each MRI-system is equipped with 
gradient coils along the x, y and z-axis of the scanner. Each gradient coil can 
vary the magnetic field (ΔB) along a certain direction and thus spatially alter 
the spin frequency. The field variation induced by a gradient coil is linear over 
space. The gradient coils establish a Fourier relationship between frequency 
and space that enables us to map the amount of signal in each spatial location 
(i.e. form an image). 
Excitation and relaxation
When undisturbed, the net magnetization, M, is parallel to the direction of 
the main magnetic field B0 that is generally designated along the z-axis of the 
scanner coordinate system. We can then decompose the magnetization in a 
longitudinal component, Mz; and a transverse component, Mxy. 
Excitation is the process of “tipping” the magnetization away from the 
direction of B0 such that a transverse magnetization appears; precession is 
only measurable in the transverse plane. Excitation is generally performed 
using a radiofrequency (RF) pulse that is perpendicular to the main field and 
referred to as B1. The RF-pulse is basically an oscillating magnetic field with 
a frequency that corresponds to the resonance frequency of spins. After 
excitation the magnetization slowly returns to its equilibrium state (being 
parallel to B0), a process which is called relaxation. The time-period it takes 
for the magnetization to return to its equilibrium varies between tissue types 
24
Chapter 1
and can be used as a contrast mechanism for making an image. More formally, 
the magnetization (Mj, with j=x,y,z) is time-dependent and expressed by the 
Bloch equations:
Where M0 indicates the fully-relaxed (undisturbed) magnetisation. As can 
be seen from these formulas, relaxation is expressed by two time-constants. 
Longitudinal relaxation (along the z-axis) is given by the T1 relaxation time 
and transverse relaxation (in the xy-plane) is given by the T2 time-constant. 
If we apply an RF pulse that tips the fully-relaxed magnetization 90° into the 
transverse plane (at t=0, see Fig. 1.4), the Bloch equations can be simplified 
thereafter to: 
The precession of spins can only be detected in the transverse plane by the 
receive sensors (RF coils) of the MR-system. As such, Mxy is equivalent to the 
signal intensity at a given timepoint. Longitudinal relaxation is given by the 
T1 time-constant and is the return of the magnetization to the direction of 
the main magnetic field. It can also be thought of as the time it takes before 
the magnetisation is aligned when the sample instantaneously experiences 
a magnetic field (B0). Previously, we stated that the precession frequency 
was determined by the gyromagnetic ratio and the magnetic field strength. 
While this is true, interactions between precessing spins cause slight local 
disturbances in the B0-field, causing spins to precess at a range of frequencies 
instead of a single frequency. Immediately after excitation, spins are in phase 
but due to differences in their precession frequency, dephasing occurs over 
time. The process of dephasing leads to a signal decay in the transverse plane 
due to spin-spin interactions and is characterized by the T2 relaxation time.  
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Figure 1.4. Longitudinal (T1) and transverse (T2) relaxation after exciting spins with a 90° RF-
pulse. At timepoint t=0, all magnetization is in the transverse plane. Note that the timescales 
of both graphs are different; T2 relaxation is a much shorter process than T1 relaxation. Imaging 
the brain at a specific timepoint after excitation can help to generate contrast between tissue 
types based on these relaxation times.
T2* and echoes
In addition to local disturbances in the magnetic field caused by spin-spin 
interactions, the B0-field itself is not perfectly homogeneous within a voxel. 
This B0-inhomogeneity creates an even bigger range of frequencies within a 
voxel and causes the dephasing to occur even faster. This process is called T2* 
relaxation, and describes dephasing as a result of both spin-spin interactions 
(T2) and B0-inhomogeneity (T2i). 
T2-relaxation is an irreversible process because of the chaotic and random 
nature of magnet field perturbations around (moving) spins. However, the 
B0-inhomogeniety is generally static and dephasing caused by it is reversible. 
In 1950 Erwin Hahn discovered the spin echo; after applying a 90° excitation 
pulse, he applied two additional 90° pulses (180° in total) to flip the 
orientation of all spins. After this 180° rotation, the spins experience the same 
B0-inhomogeneity, but are flipped in such way that they start to rephase. At 
some time-point (t=echo time or TE), the refocusing of all spins is maximal 
and yields a spin echo (Hahn, 1950). The signal intensity at the echo is subject 
to pure T2 decay (Fig. 1.5). 
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Figure 1.5. Spin echo formation. After the application of a 90° RF-pulse all spins are in phase 
in the transverse (xy) plane. Due to T2* relaxation, spins will dephase over time caused by field 
inhomogeneity and local spin-spin interactions. At some timepoint a 180° RF-pulse is applied 
that mirrors the orientation of all spins. Dephasing caused by magnetic field inhomogeneity (T2i 
relaxation) is now reversed. Maximum rephasing is achieved at timepoint t=TE when the spin 
echo occurs. The signal at the spin echo is only subject to T2-relaxation, which is irreversible. 
An alternative method for creating echoes is using the so-called gradient 
echo (GRE) formalism. Again, magnetization is first flipped into the transverse 
plane after the application of an RF-pulse (having arbitrary flip angle). The 
spins will go undergo T2* decay, but with an additional gradient right after the 
excitation pulse, dephasing is accelerated. Following the dephasing gradient, 
a second gradient is applied in opposite polarity that rephases the spins. When 
the rephasing is maximal, an echo is formed (at t=TE). The rephasing gradient 
counteracts dephasing caused by the first gradient, but not dephasing 
resulting from T2* decay (Fig. 1.6). As such, GRE sequences are susceptible 
to static field inhomogeneities, leading to sensitivity to metal objects, blood 
components and other magnetic susceptibility sources. Because T2* decay is 
much rapid than T2 decay that underlies a spin echo sequence, the echo times 
employed with a GRE sequence are much shorter.
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Figure 1.6. Gradient echo formalism. First an RF-pulse (flip angle=α°) tips the magnetization in 
the transverse (xy) plane. As the spins undergo T2* relaxation, a dephasing gradient is applied 
that creates an even larger field inhomogeneity within a voxel that accelerates the dephasing 
experienced by the spins. By applying a rephasing gradient in opposite read direction, spins will 
rephase. Maximum rephasing is achieved at timepoint t=TE when the gradient echo occurs.
Diffusion sensitization 
Movement of water-molecules, diffusion, is always present in tissue. In a dMRI 
sequence, gradients are used to establish sensitivity to diffusion in a certain 
direction. Recall that in a spin-echo experiment we can reverse dephasing 
caused by B0-inhomogeneity after flipping the spins 180°. Likewise, after 
switching on a gradient, a much larger field inhomogeneity is created that 
accelerates the dephasing. For stationary spins, a 180° RF-pulse can rephase 
all spins, given that the exact same gradient (in both strength and duration) 
is switched on as before the RF-pulse. When the spins are moving in the 
presence a gradient, the motion causes the spins to precess at different 
frequencies before and after the 180° pulse. The result of diffusion is that 
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spins do not perfectly rephase as they would in a stationary state, leading 
to signal loss beyond T2 decay. More diffusion leads to more signal loss, so 
the signal attenuation in a diffusion MRI experiment relates to diffusivity. The 
principle above is incorporated in Stejskal and Tanner’s pulsed gradient spin 
echo sequence (Stejskal & Tanner, 1965), which is to date the foundation for 
most diffusion MRI sequences (Fig. 1.7).
Figure 1.7. Diffusion spin echo experiment. The diffusion spin echo sequence is similar to the 
spin echo sequence discussed in Figure 1.5, but additionally includes two diffusion sensitizing 
gradients, separated by the diffusion time, Δ. The diffusion gradients are applied to create 
an even larger field inhomogeneity inside the voxel. When no diffusion is present, the spins 
refocus the same as when no gradient was applied (blue line) and only undergo T2-decay 
(dotted line). In the presence of diffusion, spins will move throughout the voxel and thus 
experience a varying precession frequency during the two diffusion gradients. This leads to 
imperfect rephasing causing a signal loss (green line) that is proportional to the amount of 
diffusion along the gradient direction. 
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The use of gradients enhances the sensitization to diffusion of water-molecules. 
Gradient strength (G) determines the magnetic field strength differences 
within a voxel and thus stronger gradients create more dephasing. The same 
applies to the duration of the gradient (d) and the total time between the two 
diffusion gradients (Δ). Together, these sequence properties determine the 
sensitivity to diffusion, which is commonly expressed as the b-value.
Increasing the b-value by for example applying stronger gradients yields more 
dephasing with a lower signal as a result. Therefore, setting the b-value is 
always a trade-off between having good diffusion contrast and sufficient MR 
signal to detect. 
Diffusion anisotropy in the brain
The linear diffusion gradients are applied along a certain direction. Spins that 
traverse the gradient in perpendicular direction remain in the same magnetic 
field strength and continue to spin at the same precession frequency. In other 
words, the gradient does not have any effect on these spins, they will dephase 
and rephase similar as to when no gradient was applied. However, spins that 
do traverse the field in the direction of the gradient, will not rephase perfectly 
and cause signal attenuation. As such, diffusion sensitization is only achieved 
along a single direction, i.e. the orientation of the gradient. This is an important 
concept for diffusion MRI in the brain, in particular for white matter. Diffusion 
can be hindered or restricted in some directions (e.g., perpendicular to axons) 
as compared to other directions (e.g., parallel to axons) and is therefore 
anisotropic in white matter. 
Figure 1.8. Schematic view of diffusion hindered or restricted (blue or green, respectively) by 
axonal membranes (circles). Perpendicular view. 
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The first model to describe diffusion anisotropy in the brain is the diffusion 
tensor (Basser et al., 1994b). The tensor is an elliptical representation of the 
diffusion profile. The diffusion MR signal (S) can be formulated as a function 
of the b-value and the diffusion coefficient (D), assuming Gaussian diffusion 
behaviour.  
Here, S0 is the reference measurement that is generally acquired without 
any diffusion weighting (b=0). The b-value, b, is a vector in this equation with 
its orientation parallel to the applied gradient direction. The 3x3 diffusion 
tensor, D, is symmetric, meaning that Dij = Dji. Hence, a total of 6 unique 
gradient directions need to be employed to fully characterize all elements 
of the diffusion tensor, in addition to a b=0 measurement for S0. Eigenvalues 
and  –vectors can be calculated from the diffusion tensor, that then describe 
the orientation and shape of the ellipsoid. The eigenvector having the largest 
eigenvalue (l1), corresponds to the principal diffusion direction that is 
considered to align with the axonal fibre orientation in white matter. Metrics 
such as fractional anisotropy (FA) and mean diffusivity (MD) can be obtained 
from the diffusion tensor. FA quantifies the degree of diffusion directionality 
within a voxel; tightly packed axons in white matter therefore yield a higher 
FA than the more random ordering of neurons in grey matter. MD is the mean 
of the three eigenvalues and describes the average diffusion coefficient 
across all directions and can be a marker for tissue damage and is for example 
increased in chronic stroke due to cell-death. 
Tractography
Diffusion tractography aims to delineate white matter pathways based on 
the estimated fibre orientation at each voxel. Whereas 19th century neuro-
anatomists used white matter dissection to reveal long-range connections, 
tractography enables the visualization of these fibre bundles in-vivo (Mori et 
al., 1999). After estimating a fibre orientation at each voxel with dMRI, the 
brain’s white matter pathways are represented as a vector-field. Starting at 
a given location, streamlines can be drawn from one voxel to the next that 
follow the approximate course of the white matter bundle. The starting point 
of tractography is defined as the seed region, which can be a single voxel, a 
collection of voxels defining a region of interest, or the entire brain. Additional 
waypoint and termination masks can be placed to reconstruct pathways that 
follow a specific trajectory, using anatomical knowledge. For instance, to 
map callosal motor fibres, a seed mask can be placed in one motor cortex 
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and a termination mask in its contralateral homologue. To ensure that the 
streamlines pass through the corpus callosum, a waypoint mask can be place 
in the midsagittal corpus callosum.
Generally, tractography algorithms are divided in two classes: deterministic 
and probabilistic tractography. As with any deterministic model, no 
randomness is incorporated in deterministic tractography; from a fixed 
seed point, the streamlines will always follow the path with least hindrance 
of diffusion between two points (Mori & van Zijl, 2002). On the contrary, 
probabilistic tractography assumes a distribution of fibre orientations at each 
voxel (Koch et al., 2002; Behrens et al., 2003). Probabilistic tractography is 
inspired by the fact that a voxel contains thousands of axons and not just one 
fibre orientation. Furthermore, dMRI data is prone to noise and other errors 
that propagate into the fibre configuration measures. Therefore, probabilistic 
approaches generate large numbers of streamlines from each seed voxel, 
evaluating streamlines along the most likely fibre orientation as well as other 
more uncertain orientations included in the fibre orientation distribution. The 
paths from all streamlines are then used to assign a likelihood or probability 
of the connection in each voxel (e.g., how many streamlines crossed a certain 
voxel). These are so-called probability maps of the tract of interest and 
represent the spatial probability distribution of the path. 
With the use of the diffusion tensor in tractography it soon became apparent 
that a model estimating a single fibre orientation is inadequate. Fibre systems 
in the brain are not organized solely in parallel bundles; instead, fibres cross, 
merge, bend and fan within a voxel. Precise fibre tracking in the brain requires 
accurate representation of the underlying fibre configurations at the voxel-
level. Therefore, models incorporating multiple-fibre orientations within a 
voxel were developed, such that tractography streamlines can cross each 
other. Examples of such models include, constrained spherical deconvolution 
(Tournier et al., 2007), the ball-and-stick model (Behrens et al., 2003, 2007), 
q-ball imaging (Tuch, 2004) or diffusion spectrum imaging (Wedeen et al., 
2005).  
Tractography can inform on the spatial trajectory of macroscopic white 
matter bundles, but also assesses the ‘strength’ of a connection. Connection 
strength is typically some function of the number of streamlines (trajectories) 
travelling between a priori defined seed and target areas (Sotiropoulos 
& Zalesky, 2017). However, streamline count alone is influenced by several 
factors that do not necessarily reflect ‘true’ structural connectivity. For 
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example, regions in close proximity are more likely to connect than distant 
region. As such, path length can be a normalization factor of the streamline 
count for measuring structural connectivity. Thus, streamline count can be 
symmetrized, normalized or transformed in several ways to minimize errors 
and biases associated with the tractography algorithm (Sotiropoulos & 
Zalesky, 2017). Furthermore, anatomical constraints can be applied to avoid 
streamlines passing through multiple nodes (Smith et al., 2012). Bearing in 
mind some of the intrinsic limitations of tractography (Jones et al., 2013), 
comparison against references measures of connectivity is essential. The 
use of anatomical tracers is only feasible in animals, but provides the ‘gold 
standard’ to define the existence of a fibre bundle and map its trajectory. 
The evaluation of tractography against tracer results is promising (Dauguet 
et al., 2007; Dyrby et al., 2007), but also highlights several anatomical biases 
tractography is faced with (Donahue et al., 2016).
Microstructure imaging
While the diffusion tensor is still widely used in neuroscience today, its biological 
interpretation is rather unspecific. For example, axonal diameter, density and 
myelination, and the underlying fibre configuration all affect FA (Beaulieu, 
2002), but an altered FA is not necessarily a consequence of either of these 
markers changing. This led to a quest in the past decades for alternative 
methods that aim to link the dMRI signal to more biologically specific 
properties. Advances in both MRI hardware and sequence development 
are essential for such progress. For example, the increase in magnetic field 
strength and the use of stronger diffusion gradients facilitate better diffusion 
contrast by enabling higher b-values whilst maintaining sufficient SNR. Also, 
diffusion sequences have been developed that deviate from Stejskal and 
Tanner’s PGSE sequence and can probe the tissue features with greater 
specificity. For example, the use of an oscillating gradient spin echo sequence 
(OGSE) (Does et al., 2003; Aggarwal et al., 2012) enables diffusion contrast at 
ultra-short diffusion times using oscillating gradient waveforms. OGSE dMRI 
measures the diffusion process in terms of a temporal diffusion spectrum, 
which is a function of oscillation frequency. Another example is isotropic 
diffusion encoding that distinguishes microscopic diffusion anisotropy from 
fibre dispersion (Szczepankiewicz et al., 2015). 
Additional improvements have been made through the development of more 
biologically informed microstructure models. These models explicitly aim to 
encapsulate the aspects of tissue microstructure that break the assumption 
of Gaussian diffusion that underpin models like DTI. For example, they target 
different sources in tissue by disentangling the diffusion signal into various 
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compartments (e.g., intra – and extracellular tissue compartments) and/or 
estimating permeability of cellular membranes. 
Neurite Orientation Dispersion and Density Imaging (NODDI)
A popular microstructure model in modern day neuroscience is Neurite 
Orientation Dispersion and Density Imaging (NODDI) (Zhang et al., 2012; 
Tariq et al., 2016). NODDI separates diffusion in tissue from freely diffusing 
components (e.g., cerebrospinal fluid). The tissue component is further 
decomposed into an intra-neurite fraction (i.e., axons and dendrites) and an 
extra-neurite fraction (e.g., cell-bodies, glia cells), see Figure 1.9. 
Here, Sic, Sec and Siso represent the diffusion signal coming from the intra – and 
extra-neurite compartment, and the non-tissue compartment, respectively. 
Volume fractions are assigned to each of these compartments using fic, fiso 
(intra-neurite and non-tissue compartment, respectively). 
Figure 1.9. Diffusion signal decomposition in the NODDI model. The tissue compartment 
consists of an intra- and an extra-neurite compartment. The intra-neurite compartment 
is described by a collection of sticks representing axons and dendrites. These are dispersed 
according to a fibre orientation distribution function (fODF), the Watson distribution. The 
extra-neurite compartment is an anisotropic tensor that takes the tortuosity created by the 
sticks into account. The CSF compartment is modelled as isotropic Gaussian diffusion. 
The non-tissue compartment (Siso) is modelled as isotropic Gaussian diffusion 
with a diffusion coefficient, Diso. 
The tissue compartment is modelled with two different diffusion models. The 
intra-neurite compartment is modelled as a collection of dispersed sticks 
having zero diameter. Hence, diffusion is only possible along the orientation 
of these sticks, but not perpendicular to them. 
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The orientation of each individual stick is denoted by n and g is the diffusion 
gradient vector. Diffusion inside the sticks is given by Dic. The distribution 
pattern of the sticks is modelled with an orientation distribution function 
(ODF), f(n). f(n) can be any distribution on a sphere, but in the original 
NODDI-model a Watson distribution was used. The Watson distribution is a 
Gaussian distribution on the surface of a sphere, with mean orientation μ and 
a concentration parameter κ:
Where M is a confluent hypergeometric function. The Watson distribution 
models a distribution of sticks that expresses a certain amount of orientation 
dispersion proportional to 1/κ. Finally, the extra-neurite compartment in the 
NODDI-model is given by 
where the diffusion D(n) is modelled as a cylindrically symmetric tensor. 
The signal attenuation in the extra-neurite compartment takes the fibre 
dispersion modelled by f(n) into account. In NODDI, some parameters, such 
as the diffusivity values, have been fixed to plausible values and therefore not 
fitted to the data, reducing the degrees of freedom.
Ball and rackets
Simultaneously with the introduction of the NODDI-model, a similar 
microstructure model was developed to estimate fibre orientation dispersion, 
the ball-and-rackets model (Sotiropoulos et al., 2012). Here, diffusion is 
disentangled into two compartments; an isotropic diffusion compartment 
(ball) and anisotropic compartment modelled as a collection of sticks 
(rackets). Importantly, the distribution of the sticks is not modelled with a 
Watson distribution, but using a Bingham distribution. Here, dispersion is 
modelled anisotropic, which is thought to reflect white matter architecture 
more accurately (e.g., in regions with bending or fanning fibre geometries), 
as opposed to isotropic dispersion. In the case of perfectly aligned axons, 
the model can be simplified to a fully isotropic compartment and a stick-like 
compartment with diffusion completely restricted to be along the orientation 
of the stick (Behrens et al., 2003):
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Here, Sk is a diffusion measurement of the k
th gradient along direction gk with 
b-value bk, S0 is a measurement with zero diffusion weighting and d is a scalar 
diffusion coefficient. The volume fraction of the anisotropic compartment is 
given by f. The orientation of the anisotropic compartment is described by n= 
[sin θ cos φ, sin θ  cos φ, cos θ ], φ ∈ [0-2π] and   ∈ [0-π]. This approach was 
extended in the ball-and-rackets model by incorporating fibre orientation 
dispersion. Here, the single fibre orientation (stick) is replaced by a population 
of sticks (rackets) that are oriented described by a parametric spherical 
distribution f(θ,φ) : 
Here, f(n) is a Bingham distribution FB(n;B). Its probability density function is 
given by: 
and 1F1(α; β; Z) is the confluent hypergeometric function of the first kind 
with matrix argument Z (approximated as described in (Sotiropoulos et al., 
2012)). The Bingham matrix B is a 3x3 symmetric matrix represented as B = 
RTBdiagR, with R` a rotation matrix and Bdiag a diagonal matrix with two non-zero 
eigenvalues. These eigenvalues, k1 and k2, each quantify the fibre orientation 
dispersion along two orthogonal axes.
The eigenvalues are reciprocally related to dispersion; the larger the 
eigenvalues the less dispersion is present. In the case of isotropic fanning k1 = 
k2 and a special form of the Bingham distribution appears, also known as the 
Watson distribution described in the NODDI-model. For k1 > k2 the dispersion 
profile has an anisotropic shape.
Functional MRI
Rather than mapping brain anatomy, functional MRI (fMRI) is sensitive to brain 
physiology and aims to estimate neuronal activity from the blood oxygenation 
level dependent (BOLD) signal (Ogawa et al., 1990). Oxygen consumption 
is indirectly related to the activity of neurons that are supplied by the blood 
vessels surrounding them, a property referred to as “neurovascular coupling”. 
The BOLD contrast relies on the differences in the magnetism of oxygenated 
and deoxygenated blood. The presence of paramagnetic substances 
causes increased field inhomogeneity around blood vessels. Because 
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deoxyhaemoglobin is more paramagnetic than oxygenated haemoglobin, a 
voxel with deoxygenated blood has larger inhomogeneity as compared to a 
voxel with fully oxygenated blood. As a result, within-voxel dephasing of the 
spins will occur at a faster rate (i.e. T2* is shorter) for tissue with deoxygenated 
blood. The T2* variation can be estimated over time with a gradient echo – 
echo planar imaging sequence typically having a temporal resolution of 1-2 
seconds.
fMRI can be used to determine which brain regions are involved in certain 
tasks or external stimuli, referred to as task-based fMRI. Here, the BOLD signal 
is measured during the performance of a cognitive task or under sensory 
stimulation, interspersed with periods of “rest” (no task/stimulus). The timing 
of the task or stimulus can serve as the design matrix from which the activity at 
each voxel is estimated using a general linear model (GLM). The design matrix 
(or model matrix) includes a set of explanatory variables (regressors) which 
are fitted to the timeseries of each voxel. These explanatory variables specify 
a certain contrast (e.g., activity versus rest). The fitted coefficient to the 
regressor on each voxel is then a measure for the activity during the stimulus/
task period. For example, the subject is asked tap his or her fingers when a visual 
cue is shown in the scanner. The regression would identify voxels within motor 
cortex as having statistically-significant regression coefficients. Alternatively, 
an fMRI time-series can be acquired when the brain is performing no explicit 
task, during a so-called resting-state fMRI. Here, spontaneous fluctuations 
in the BOLD signals are measured and used to study the brain’s functional 
organization. Resting-state fMRI maps networks of brain regions based 
on their temporal behaviour: if regions are connected, these spontaneous 
fluctuations will occur synchronously. Resting-state fMRI has been able to 
identify known brain networks corresponding to visual, motor and language 
networks (Beckmann et al., 2005), as well as higher cognitive function (Smith 
et al., 2009) and previously unidentified networks, such as the default mode 
(Raichle et al., 2001). Correlation of the time-series is often used in fMRI 
network analysis to establish a measure of functional connectivity. Partial 
correlation, in particular, aims to estimate ‘direct’ connections between two 
areas, by regressing out time-series from all other brain areas. Hence, the 
partial correlation cannot be accounted for by the influence of any other 
region in the brain (Marrelec et al., 2006).
Validation of diffusion MRI
Diffusion of water is always an indirect structural measure of cells and within 
a typical MRI voxel, the diffusion process is averaged across thousands of 
cells. Therefore, validation of dMRI methods is essential to understanding 
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and interpreting their application in research and clinical settings. Validation 
efforts can be subdivided in three categories; physical phantoms with known 
microstructural – and/or fibre geometry, computational simulations or 
evaluation against gold standard techniques such as microscopic imaging. 
The latter was adopted in this thesis; validation of diffusion MRI tractography 
(Chapter 2) and fibre orientation dispersion (Chapter 3) were both performed 
by means of comparison against microscopy data. 
Ideally, the dMRI and microscopy measurements are performed in the same 
specimen. In humans, MRI-scanning of post-mortem specimens is possible, 
but not free from limitations (see (Roebroeck et al., 2018) for a recent 
review). First of all, tissue degradation starts immediately after death. To 
preserve tissue morphology and prevent further tissue decay ex-vivo tissues 
are immersed in a fixative; commonly in formalin. However, formalin is known 
to negatively affect the T2-relaxation time of tissue and thus decrease the 
MR-signal (Shepherd et al., 2009). Furthermore, formalin fixation cross-
links proteins such that they cannot degenerate which can lead to lowered 
diffusivity and different microstructure as compared to in-vivo tissue (Sun 
et al., 2005).  Also, during extraction from the skull the brain undergoes 
deformations that can lead to altered anatomy. Fortunately, ex-vivo MRI is 
much less restricted by scan-times, less prone to movement artefacts and 
the use of small tissue-blocks facilitates imaging with small bore MRI systems 
at ultra-high field strengths (>7T). All these factors lead to an increase in SNR, 
which can be used to acquire high quality data at high spatial and/or angular 
resolution. 
Several microscopy techniques have been proven successful candidates to 
evaluate dMRI measures (see (Caspers & Axer, 2017; Dyrby et al., 2018) for an 
excellent overview of validation strategies). Classically, histological staining 
of tissue is the method of choice to validate ex-vivo MR images (Leergaard 
et al., 2010; Choe et al., 2012). Using histology, specific features of interest 
can be highlighted in the tissue, for example myelin. However, to prepare 
tissue for histology, several steps need to be carried out that alter tissue 
microstructure severely including, embedding, sectioning, mounting on glass 
slides, staining and coverslipping. These disadvantages motivated the quest 
for alternative microscopy methods to obtain a reference measure of tissue 
microstructure. Some of these aim to process tissue minimally by employing 
unstained tissue, for example optical coherence tomography (OCT) (Magnain 
et al., 2014) and polarized light imaging (PLI) (Axer et al., 2011c). Others try to 
eliminate tissue sectioning by clearing tissue, for example CLARITY (Chung et 
al., 2013) to image entire tissue blocks. In addition to classical histology, we 
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have employed PLI to image myelinated nerve fibres. As this is a relatively new 
technique, the final part of this chapter discusses the theory behind PLI and 
its application in neuroscience.
Polarized Light Imaging
PLI is a microscopy technique to image myelinated nerve fibres and estimate 
their orientation in thin post-mortem nervous tissue sections. It is inspired 
by polarimetric approaches that are frequently applied in material science, 
crystallography in particular (Wood & Glazer, 1980). PLI operates at micrometre 
level achieving an imaging resolution down to 1 μm/pixel with the possibility 
of acquiring images of whole-brain sections (Axer et al., 2011c). Furthermore, 
PLI appears to be a suitable imaging method to complement and validate 
diffusion MRI findings. Fibre configurations estimated with diffusion MRI 
models, for example fibre crossings or dispersed fibres, can be accurately 
resolved with PLI measures. Furthermore, studying the myelo-architecture 
of nerve fibres using polarization contrast may reveal new anatomical insights 
(Zeineh et al., 2016; Henssen et al., 2018).  
Theory
PLI makes use of an intrinsic optical property of myelin. As with any transparent 
material, light travelling through myelin experiences refraction. In most 
materials, the refractive index is the same in all directions (isotropic), but in 
myelin the refractive index is anisotropic. Light that passes through myelin 
parallel to the orientation of an axon experiences a different refractive index 
than light passing through at perpendicular orientation. We call this effect 
birefringence, or a double breaking of the light ray. Birefringent media express 
an optical axis; myelin’s optical axis is parallel to the orientation of the axon 
it envelops. Myelin exhibits a negative so-called form birefringence, caused 
by the arrangement of lipid layers in the myelin membrane (de Campos Vidal 
et al., 1980). Other structures in myelin or axons, for example actin-filaments 
and microtubules, express some (although much weaker) birefringence 
(Larsen et al., 2007). Birefringence caused by molecular arrangement is 
also possible but this is more common in crystals. Furthermore, myelin’s 
birefringence is uniaxial, meaning that the refractive index in all perpendicular 
directions is the same and is only different parallel to the orientation of an 
axon. Biaxial systems are also possible, having a unique refractive index in all 
three orthogonal directions. While myelin’s birefringent properties have been 
known for decades (Bear & Schmitt, 1936), it was only quite recently that this 
principle has begun to be exploited in neuroscience (Axer et al., 2000). 
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To estimate light interactions with birefringent media, Jones described 
the optical elements in a polarimetric set-up as matrices (Jones, 1941). 
By expressing light as an electro magnetic field vector, the outgoing light 
intensity of the polarimetric set-up can be calculated from a series of matrix 
multiplications (Dohmen et al., 2015). The polarizing microscope is composed 
of the following components that are operating on the polarization state of 
light; a fixed polarizer, P; a quarter-wave plate, Rl/4; the birefringent specimen, 
M; and a rotatable analyser, A. Based on the incoming electric field vector, ein, 
the outgoing vector can be expressed as follows:
The matrix formulation corresponding to each of the optical components is 
given by 
The rotatable analyser, Α, can be expressed as a polarizer rotated by an angle r. 
Finally, the phase shift induced by the birefringent specimen having its optical 
axis aligned with φ is given by 
Here, the phase retardation, δ , is a function of the wavelength of the incoming 
lightwave, l; the thickness of the specimen, d; the birefringence, Δn; and 
the inclination angle, α. The inclination angle is the out-of-section angle and 
defines, together with the in-plane orientation (φ), the 3D fibre orientation.
The light intensity detected by a camera in the polarizing microscope can be 
calculated from the outgoing electric field vector, eout. 
In practice, the light intensity will be attenuated according to the Lambert-
Beer law, to an extent that depends on an attenuation coefficient, μ, and the 
slice thickness of the tissue. After substituting the incoming light intensity 
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as Iin = ein
Te in in Eq. 1.17 we can calculate the transmitted light intensity of the 
polarizing microscope’s set-up as a function of the analyser orientation (r) is 
given by (Wood & Glazer, 1980). 
The average transmitted light intensity over all analyser orientation is then 
Figure 1.10. The polarized light imaging system is a common light microscope upgraded with 
additional polarizing filters. The bottom polarizer and the quarter-wave plate create circularly 
polarized light that illuminates the specimen. Birefringence in the myelin sheath induces a 
phase change in the circularly polarized light making it elliptically polarized. The extent of the 
elliptically polarized light beam is scanned in all directions using a rotatable analyser. Several 
raw images depict the change in transmitted light intensity as measured with a CCD camera. 
Note that especially white matter (myelin) demonstrates this intensity modulation. Focussing 
on a single pixel over the various analyser orientations, it becomes apparent that the light 
intensity follows a sinusoidal behaviour formulated by the Jones calculus. 
PLI in practice
An overview of the PLI system and workflow is depicted in Figure 1.10. A 
common light microscope is equipped with polarizing optical components as 
discussed above. By rotating the analyser, a set of raw images is acquired with 
the light intensity profiles of each pixel expressing a sinusoidal behaviour as 
described by the Jones formula. We then reparametrized the Jones formula 
to fit the light intensity profiles
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This system can be solved with a simple least-squares curve fitting. By 
combining these three coefficients appropriately, we can estimate three 
parameters of interest at every pixel to generate transmittance, retardance 
and the fibre orientation maps (Axer et al., 2011b) (Fig. 1.11).
•	 The transmittance map (I0) describes the average light intensity across 
all polarizer orientations. It indicates how much light is absorbed by the 
specimen. The densely packed white matter is dark in a transmittance 
image, while grey matter is much brighter. 
•	 The retardance map (sin δ) measures the phase change (or change 
in polarization state) of the light due to birefringence. Assuming that 
most of the birefringence in nervous tissue arises from myelin, it is an 
indirect measurement for myelin density. However, the brightness of the 
retardance map is also influenced by a number of other factors including, 
specimen thickness, inclination angle of the myelinated fibre and the local 
birefringent properties of myelin (see Eq. 1.21). Also, in the presence of 
crossing fibres, the retardance map yields lower values as two orthogonal 
fibres cancel out the birefringence effect (Dohmen et al., 2015).
•	 The fibre orientation map (φ) gives the angular orientation (from 0° to 
180°) within the image plane of myelinated fibres. It is the phase of the 
sinusoidal signal (see Fig. 1.10) from which orientation is derived.
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Figure 1.11. Fibre orientation map in HSV colour-space. The specimen shown here is from
human cerebellar cortex. The in-plane fibre orientation map is difficult to interpret; hence 
the fibre orientations are colour coded according to the HSV (hue, saturation, value) colour-
space. The hue channel is a radial colour-map that is applied to the fibre orientations. The 
orientations from 0° to 180° will be given a colour. To focus on areas with high birefringence, 
and presumably a high myelin density, the colour map is modulated with the retardance map 
through the value channel of the HSV space. The saturation channel is set to a constant value. 
Accompanying the fibre orientation map usually a colour-wheel is displayed that indicates 
which orientation corresponds to which colour.
In theory, we can quantify the fibre orientation in the third dimension, often 
referred to as the inclination angle, a (see Eq. 1.21). However, this estimate 
relies on a number of assumptions, including the birefringence of the specimen 
and the sections thickness, which may not be known to sufficient accuracy in 
practice. Furthermore, the sign of the inclination angle cannot be resolved; 
a fibre inclined at -45° yields the same PLI-signal as a fibre inclined at 45°. 
As a solution to the ambiguous inclination angle, Axer et al proposed the use 
of a tilting specimen stage (Axer et al., 2011c). However, a tilt causes some 
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parts of the image to become out-of-focus, especially at high magnifications. 
Their solution was therefore applied to a whole-brain PLI system having the 
camera relatively distant from the specimen. With a small angular tilt (3-4°) 
most parts of the image remain in focus, but the observed fibre inclination is 
altered. This tilt gives rise to a variation in the PLI signals that can be used to 
tease out the inclination angle unambiguously. Furthermore, the observed 
phase retardation is now a function of the tilting angle, θ. 
Rewriting this formula yields
It is then possible to fit the parameter drel at each pixel independently using the 
tilting stage approach (Wiese et al., 2014; Reckfort et al., 2015). The inclination 
angle estimate is therefore no longer dependent on assumptions with regards 
to the specimen birefringence, the slice thickness and the wavelength of the 
light transmitted through the specimen. 
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Dentatorubrothalamic tract localization
with post mortem MR Diffusion
Tractography compared to histological 3D 
reconstruction
Brain Structure and Function, 2016
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Abstract
Diffusion Magnetic Resonance Imaging (dMRI) tractography is a technique 
with great potential to characterize the in vivo anatomical position and integrity 
of white matter tracts. Tractography, however, remains an estimation of white 
matter tracts, and false positive and false negative rates are not available. The 
goal of the present study was to compare post mortem tractography of the 
dentatorubrothalamic tract (DRTT) by its 3D histological reconstruction, in 
order to estimate the reliability of the tractography algorithm in this specific 
tract. Recent studies have shown that the cerebellum is involved in cognitive, 
language and emotional functions besides its role in motor control. However, 
the exact working mechanism of the cerebellum is still to be elucidated. As 
the DRTT is the main output tract, it is of special interest for the neuroscience 
and clinical community.
A post mortem human brain specimen was scanned on a 7T MRI scanner using 
a Diffusion Weighted Steady State Free Precession sequence. Tractography 
was performed with PROBTRACKX. The specimen was subsequently serially 
sectioned and stained for myelin using a modified Heidenhein-Woelke staining. 
Image registration permitted the 3D reconstruction of the histological 
sections and comparison with MRI. The spatial concordance between the two 
modalities was evaluated using ROC analysis and a similarity index (SI).
ROC curves showed a high sensitivity and specificity in general. Highest 
measures were observed in the superior cerebellar peduncle with an SI of 
0.72. Less overlap was found in the decussation of the DRTT at the level of 
the mesencephalon. 
The study demonstrates high spatial accuracy of post mortem probabilistic 
tractography of the DRTT when compared to a 3D histological reconstruction. 
This gives hopeful prospect for studying structure-function correlations in 
patients with cerebellar disorders using tractography of the DRTT. 
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Introduction
Tractography, based on diffusion Magnetic Resonance Imaging (dMRI), is a 
technique with great potential to characterize the in vivo anatomical position 
and integrity of white matter tracts (Mori et al., 1999; Basser et al., 2000; 
Behrens et al., 2003). Tractography has proven its worth in neuroscience as 
well as in neurology and neurosurgery (Bick et al., 2012; Dimou et al., 2013; 
Potgieser et al., 2014). It is an invaluable tool in investigating structure-function 
relationships. The white matter tract of our interest is the dentatorubrothalamic 
tract (DRTT). This tract originates in the dentate nucleus of the cerebellum 
and projects to the ventrolateral nucleus of the thalamus via the red nucleus. 
Left and right tracts decussate in the mesencephalon at the level of the 
inferior colliculi. Neuroscience of the cerebellum is gaining attraction and as 
the DRTT is the main output tract of the cerebellum, it is currently subject to 
many clinical and neuro-imaging studies. 
During the last two decades, evidence for a role of the cerebellum in cognition, 
language and emotional processing is growing (Stoodley & Schmahmann, 
2009; Strick et al., 2009; Stoodley, 2012; De Smet et al., 2013; Mariën et 
al., 2014). Anatomical studies have shown that cerebellar cortical areas 
are reciprocally connected with premotor, parietal and temporal cerebral 
cortex (Dum & Strick, 2003; Strick et al., 2009). In mammals, the cerebellar 
cortex, the cerebellar nuclei and the white matter in between seem to be 
segregated into distinct functional zones (Ramnani, 2006; Nieuwenhuys 
et al., 2008). Additionally, functional MRI studies have shown that there is 
a topographical organization in the cerebellar cortex, not only regarding 
motor control but also regarding cognitive and affective functions (Stoodley 
& Schmahmann, 2009, 2010). Furthermore, there is clinical evidence that 
supports a cerebellar role in non-motor function. Patients with cerebellar 
lesions (bleeding, infarction or post-surgery) may suffer from cognitive, 
language and emotional disturbances (Schmahmann & Sherman, 1998; De 
Smet et al., 2011; Küper & Timmann, 2013; van Baarsen & Grotenhuis, 2014). 
Likewise, psychiatric disorders such as autism are found to be correlated to 
cerebellar structural anomalies (Becker & Stoodley, 2013).
A striking example of cerebellar dysfunction is the cerebellar mutism syndrome. 
This rare but devastating syndrome may occur in children after surgery for a 
cerebellar tumour and causes an inability to speak in addition to emotional 
lability and behavioural disturbances (Küper & Timmann, 2013; Reed-Berendt 
et al., 2014). The syndrome may occur even in a telovelar approach when there 
seems to be no damage to the cerebellar cortex or white matter. The exact 
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pathophysiology and the anatomical substrate of non-motor disorders caused 
by cerebellar dysfunction are still not fully understood. The cerebellum is 
therefore subject to many clinical and neuroimaging studies. It seems that the 
DRTT plays an important role as it is the main cerebellar output tract. Better 
understanding of structure-functional relationships in the cerebellum and its 
output tracts may lead to a better understanding of cerebellar pathology and 
in the end, better treatment or even prevention. 
Tractography offers the in vivo investigation of the anatomical position of 
white matter tracts, their volume and integrity. However, although the 
technique is valuable, its anatomical accuracy is still poorly determined while its 
limitations are well known. Before using tractography as a tool in investigating 
the integrity of the DRTT, its correspondence to known anatomy should be 
investigated. In the cerebellum, the DRTT is enveloped by white matter of 
the inferior and middle cerebellar peduncles. At the level of the brainstem, it 
is surrounded by the brachium of the inferior and superior colliculus, medial 
longitudinal fasciculus and the central tegmental tract (Naidich et al., 2009). It 
is the question whether tractography is able to correctly distinguish between 
these tracts. 
The precision and reliability of tractography results are largely influenced by 
image quality, parameter settings and even choice of tracking algorithms 
(Barbieri et al., 2011; Feigl et al., 2014). Together with the low SNR, this 
implies that many false positives and false negatives might occur in the 
tracking process (Jbabdi & Johansen-Berg, 2011). In addition, compared to 
the cerebral hemispheres, tractography of cerebellar white matter pathways 
faces particular challenges. Air-tissue interfaces are in closer proximity to the 
structures of interest, white matter tracts are smaller, tract curvatures are 
stronger and there are many kissing and crossing fibres in the cerebellum 
(Habas & Cabanis, 2006, 2007; Kwon et al., 2011).
To date, the general accuracy of tractography remains undetermined and 
false positive and false negative rates are not available (Chung et al., 2011). 
Various methods were applied previously to study the anatomical reliability 
of tractography. These include comparison to neuroanatomical tracing, fibre 
dissection and histology. This kind of comparison was reported by a handful 
of studies, but is beginning to gain traction as tractography becomes more 
widely used. A few studies (Lawes et al., 2008; Holl et al., 2011; Fernandez-
Miranda et al., 2012) considered classical dissection of white matter fibres 
as the anatomical reference. In general, a close correspondence between 
reconstructed tracts and anatomical dissection was reported in these studies. 
However, tractography was based on in vivo dMRI data and therefore lacking 
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a direct and quantitative comparison with anatomical dissection in the 
specimens. 
Neuroanatomical tracing provides another way of mapping neural networks 
by injecting tracing dyes that diffuse along axonal trajectories. In macaque 
monkeys it was shown that there was generally good agreement between 
the anatomical position of tracts in the corticospinal tract as assessed with 
tractography when compared to neural tracers (Dauguet et al., 2007). 
Similar results were shown in mini pigs (Dyrby et al., 2007). To bridge the 
gap between animals and humans, ventral prefrontal cortex tracts were 
inferred with tractography in both humans and macaques (Jbabdi et al., 
2013). Tractography in macaques was validated with neural tracing before 
a comparison was made between primate and human tractography. A high 
spatial similarity was found between the two techniques. Furthermore, white 
matter trajectories in macaques were manifested in a similar manner as those 
in the human brain. The problem with neural tracers, however, is that they are 
largely limited to animal studies. Even though some tracers are applicable in 
post mortem human brain tissue, they require infiltration times that can take 
up to several years (Seehaus et al., 2013). In addition, neural tracers are very 
useful for mapping individual axons and their projections that intermingle with 
larger bundles in the central nervous system (CNS). Tractography, however, 
lacks such detailed axonal discrimination and generally determines tract 
borders. To obtain false positive and false negative rates, neural tracing may 
not be the most appropriate method to determine the spatial accuracy of 
tractography. 
The present study considered histological sectioning and myelin staining 
as the gold standard for mapping white matter tracts. In general, histology 
offers a resolution that is far beyond that of dMRI and enables a more precise 
delineation of fibre tracts (Bürgel et al., 2006). Traditional myelin stains often 
do not provide contrast to distinguish between densely packed white matter 
bundles. Here, a modified Heiden-Woelcke staining protocol was applied 
to visualize myelinated white matter. The modification of this protocol 
inactivates the chromatogen complexes in the thinnest myelin sheaths. This 
produces a graded reduction in myelin staining in white matter that appears 
to be proportional to the amount myelination (Bürgel et al., 1997, 1999, 2006). 
The main goal of the present study was to investigate the correspondence 
between tractography of the dentatorubrothalamic tract with its anatomy 
as known from a three-dimensional histological reconstruction of this tract 
visualized with the modified Heidenhain-Woelcke stain in the same post 
mortem specimen. 
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Methods
Sample acquisition
For this study, the brain of an 87-year-old woman was acquired via the body 
donor program at the Department of Anatomy of the Radboud University 
Medical Centre, Nijmegen, the Netherlands. The subject died from pneumonia 
and had no prior neurological or psychiatric diseases.  As determined by two 
neuroanatomists, gross morphology of the brain, as well as the serial sections, 
showed no signs of pathology. 10 hours post-mortem, the body was perfused 
via the femoral artery to allow rapid fixation of the tissue. Approximately 24 
hours later, the brain was extracted from the skull and stored in 7.7% formalin 
for 16 months. Frontal, temporal, parietal and occipital lobes were removed in 
order to fit the specimen in a smaller MR coil for high signal reception.
MRI acquisition
Prior to scanning, the specimen was soaked in phosphate buffered saline 
for 72 hours to remove the formalin from the tissue, as formalin is known to 
decrease the T2 relaxation rate of tissue (Shepherd et al., 2009). In addition, 
compared to in vivo experiments fixed tissues suffer from reduced apparent 
diffusion coefficients (ADC) (Sun et al., 2003, 2005; D’Arceuil et al., 2007), 
requiring higher b-values to obtain similar diffusion contrast as for in vivo. 
Recent studies also reported a subtle reduction for the fractional anisotropy 
(FA) in white matter of fixed brains (D’Arceuil & de Crespigny, 2007; Schmierer 
et al., 2008). Here, a relatively short post mortem interval was employed to 
limit the reduction in ADC and FA (D’Arceuil & de Crespigny, 2007). Further, 
diffusivity measures were suggested to remain stable up to a 3 year period 
after fixation (Dyrby et al., 2011).
All imaging was performed in a single overnight session on a Siemens 
MAGNETOM 7T MRI scanner (Siemens, Erlangen, Germany) with a 28-channel 
knee coil. Background signal was avoided by placing the specimen in tight-
fitting plastic bags containing Fomblin (Solvay Solexis Inc.), a hydrogen-free 
liquid closely matching the susceptibility of brain tissue. 
Diffusion weighted images were acquired with a DW-SSFP (Diffusion 
Weighted Steady State Free Precession) sequence (McNab et al., 2009) 
at 1 mm isotropic resolution with an effective b-value of 5175 s/mm2 in 49 
directions (2 averages). The DW-SSFP sequence has been demonstrated to 
provide improved tractography in post-mortem brains in comparison to the 
more conventional diffusion-weighted spin echo due to its ability to achieve 
strong diffusion weighting without unacceptable T2 signal loss (Miller et al., 
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2012). Because T1 and T2 estimates are required for the analysis of the DW-
SSFP data, True Inversion Recovery (TIR) and Turbo Spin Echo (TSE) were 
included in the protocol. These techniques have recently been adapted for 
use at 7T using a single-line (rather than segmented EPI) 3D readout (Foxley 
et al., 2014), resulting in improved SNR with robust estimation of multiple 
fibre populations within a given voxel. An additional high-resolution structural 
scan with mixed contribution T1 and T2 weighting was acquired with a TRUFI 
(True Fast Imaging with Steady State Free Precession) sequence (Zur et al., 
2005; Miller et al., 2011). Parameters are presented in Table 2.1. 
Table 2.1. MRI scan parameters. TE, echo time; TR, repetition time; TI, inversion time. 
52
Chapter 2
Probabilistic tractography
Probability distributions for fibre orientations in each voxel were estimated 
with BEDPOSTX (Behrens et al., 2007), modified to incorporate the DW-SSFP 
signal equations (McNab & Miller, 2008; McNab et al., 2009). More precise, 
the modified BEDPOSTX version includes T1, T2, and B1 information to allow 
for accurate voxel-wise estimates of diffusion coefficients. Three diffusion 
directions per voxel were modelled, with online model selection (automatic 
relevance determination, ARD) on the second and third fibre (Behrens et 
al., 2007). Registration between the structural space and diffusion space 
was performed using a 12 degrees of freedom (DOF) affine transformation 
determined by FLIRT (Jenkinson & Smith, 2001). Seed masks were manually 
drawn in the structural MRI for both dentate nuclei using ITK-SNAP 
(Yushkevich et al., 2006). White matter surrounded by the dentate nuclei 
was included in the segmentation. Both thalami were manually segmented 
and defined as target masks. The thalami were easily distinguished from the 
internal capsule by contrast differences between white and grey matter in 
the TRUFI structural MRI. Medial and lateral geniculate nuclei were included 
in the segmentation. An exclusion mask midsagittal through the cerebellar 
vermis and mid-pons was defined to prevent streamlines from crossing the 
midline below the level of the decussation. Tractography was performed with 
PROBTRACKX (Behrens et al., 2007). Streamlines were generated for each 
voxel in the dentate nucleus seed mask that also passed the contralateral 
thalamic target mask (i.e. also the termination point), producing a connectivity 
map for each DRTT. Additional parameters included a step length of 0.5 
mm, 2000 streamlines per seed voxel, a 0.2 curvature threshold (equivalent 
to ~78 degrees) and no FA threshold. Each voxel in the connectivity maps 
indicated the number of streamlines that passed through that particular 
voxel. Connectivity maps were normalized by dividing each voxel with the 
total number of streamlines that was generated between the seed mask and 
target mask. 
Tissue processing
Comparison of histology and tractography was only performed for the 
DRTT in the cerebellum and brainstem. This part was separated from the 
supratentorial part of the specimen with a transverse cut inferior to the 
red nuclei. The specimen, including the cerebellum and the brainstem, was 
embedded in paraffin before it was sectioned with an LKB 2260 Macrotome 
(LKB Instruments, Bromma, Sweden). The knife was positioned at a 15˚ angle 
with respect to the cutting plane. The tissue was serially sectioned at 10 µm 
thickness and every 20th slice was kept for staining, resulting in an inter-
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plane resolution of 200 µm. A total number of 202 sections were collected. 
Prior to cutting each third last section in a series, a blockface image (i.e. a 
photograph of the cutting surface of the block (Toga et al., 1994; Annese et 
al., 2006; Dauguet, 2011; Amunts et al., 2013)) was taken with a Canon EOS 
550D camera with a Canon 100 mm autofocus lens. Successfully collected 
sections were matched with the corresponding blockface. Each section was 
subsequently mounted on a glass plate, dried overnight in a stove at 37˚C. 
For optimal visualization and differentiation between degrees of myelination 
within white matter fibre bundles, the modified Heidenhain-Woelke stain 
(Bürgel et al., 1997; Holl et al., 2011) was used. Macrophotographs of the 
stained sections were taken with the same camera to produce digitized data. 
These are referred to as “histological slices” hereafter.  
Histological 3D reconstruction
Custom software was written for pre-processing, registration and 3D 
reconstruction of histological slices in Matlab 2013a (The MathWorks Inc, 
Natick, MA, USA). Prior to registration, histological slices were down sampled 
to match a square pixel size of 30 μm/pix.  After converting the images to 
grayscales, contrast was enhanced by stretching the histogram and images 
were segmented based on edge segmentation and manual adjustment. 
Slice-by-slice 2D landmark based affine registration was performed. At least 
six corresponding landmarks in the histological slice and its accompanying 
blockface were selected to compute the affine transformation. Blockfaces 
serve as an intermodality that aims to preserve curvature of a volume. The 
so-called banana problem (Malandain et al., 2004) is introduced if curved 
objects are reconstructed based on inter-slice alignment and may end up 
as straightened objects. The presence of a reference volume, here both a 
blockface volume and a structural MRI, prevent such reconstruction bias 
and retrieves the original curvature. Following affine registration to the 
blockfaces, stacking of the histological slices resulted in an initial histological 
3D reconstruction. 
The structural MRI was transformed to the initial histological volume with 
a 12 DOF, 3D affine registration implemented in FLIRT (Jenkinson & Smith, 
2001), using normalized mutual information as a cost function. At this stage, 
histological slices were matched with corresponding MRI slices. Prior to non-
linear registration, a 2D 6 DOF affine transform (FLIRT) was applied to refine 
each histological slice with the corresponding MRI slice. 
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Following affine co-registration, a non-linear registration approach was 
chosen to accurately align histological slices. Steps in tissue processing, 
such as paraffin embedding and microtome cutting inevitably cause 
intrinsic deformations to each tissue section. The affine transformation 
model is by definition unable to correct for such tissue deformations as it 
assumes a single global deformation per slice. The deformations present in 
the histological slices, however, are often spatially variable and may differ 
between types of tissue (e.g between grey and white matter). The Advanced 
Normalization Tools (ANTS) (Avants et al., 2011) were applied to perform 
non-linear registration. A multivariate approach was chosen to align the slices 
in the histological volume as previously described by (Adler et al., 2014) for 
3D reconstruction of hippocampal sections. In brief, for each histological 
slice a warp field was computed based on the two neighbouring histological 
slices and the corresponding MRI slice. Mutual information was used as a 
cost function for both the neighbouring histological slices and the MRI slice. 
The warps were computed using a symmetric normalized diffeomorphic 
transformation model (Avants et al., 2008). Histological slices were warped 
to their new space according to the computed warp fields at each step. The 
total non-linear registration approach was iterated until there was no visual 
difference present between consecutive steps, which was satisfactory after 
20 iterations. The histological volume had a voxel size of 0.03 × 0.03 × 0.20 
mm. At last, the MRI was non-linearly transformed to histological space 
for final refinement between the two modalities. Again, the transformation 
was computed using a symmetric normalized diffeomorphic transformation 
model.
Tract segmentation was achieved by manually drawing a polygon around the 
DRTT in each histological slice (Yushkevich et al., 2006). Two investigators 
with a good anatomical knowledge of the DRTT executed the segmentation 
(J.M. & K.vB.). 
Spatial tract analysis
Probabilistic tractography resulted in connectivity maps for the DRTT between 
the dentate nucleus and the thalamus. The concordance between the binary 
tractography connectivity maps (after thresholding) and the reference (i.e. the 
DRTT segmentation in the histological space) was computed. It was evaluated 
using ROC (Receiver Operating Characteristic) analysis. In the present 
context, an ROC curve illustrates the overlap between the tractography and 
histological DRTT masks. This is achieved by varying the segmented volume 
in the tractography map through thresholding at different connectivity 
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values. These values range from 0 - 0.35% of the total number of streamlines 
generated between the seed and target mask. For each binary connectivity 
map, true positive (TP; tractography-positive and histology-positive), true 
negative (TN; tractography-negative and histology-negative), false positive 
(FP; tractography-positive but histology-negative) and false negative (FN; 
tractography-negative but histology-positive) voxels were computed. True 
positive rates (TPR), equal to sensitivity and false positive rates (FPR), equal 
to 1-specificity were calculated as.
TPR is represented as a function of  FPR in an ROC curve. Correspondence 
between the binary masks was also evaluated with the Dice similarity index 
(SI) (Dice, 1945). The SI is a measure for correctly classified tractography 
voxels relative to the total volume occupied by the tractography mask plus 
the reference mask. It thus indicates the ratio of true positive voxels over all 
voxels included by both modalities, running from 0 to 1. 
Here, Trac denotes the volume of the binary tractography mask thresholded 
at different connectivity values (equal to those used in ROC analysis) and Ref 
is the volume of the segmentation of the tract in the histological volume. 
The ∩ operator indicates overlapping volume of Trac and Ref. An additional 
analysis was done in which the amount of false negative voxels (i.e. voxels that 
were “missed” by tractography) was calculated for expanding tractography 
masks, in order to define the spatial extent of the outliers. For each mask, the 
number of FN’s (voxels missed by tractography) was computed as the mask 
increased in size (in steps of one voxel at a time) by means of binary dilation. 
Analyses were performed for the total tract and for three separate regions 
of interest (ROIs): the dentate nucleus, the superior cerebellar peduncle and 
the decussation of the DRTTs in the mesencephalon. The outcomes were 
computed for each investigator separately, after which they were averaged.
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Results 
Post mortem MR images of the specimen were acquired with a total scanning 
time of approximately 32 hours. High contrast was present between white 
and grey matter. Basal ganglia and cerebellar nuclei were clearly visible, and in 
particular the dentate nucleus showed excellent contrast with adjacent white 
matter (Fig. 2.1). Although neither macroscopic inspection of the specimen, 
nor its sections had shown any sign of pathology, an inhomogeneous intensity 
pattern was observed throughout the cerebellar cortex in the structural MRI. 
The cortical artefact was not present in white matter and diffusion parameters 
in the white matter areas were coherent with the expected underlying 
anatomy. 
Diffusion parameters in the white matter were successfully estimated by 
a modified version of the BEDPOSTX software written for the DW-SSFP 
sequence (McNab & Miller, 2008; McNab et al., 2009). Although three 
diffusion directions were modelled inside a voxel, in practice, the third diffusion 
direction was negligible. The second diffusion direction, however, contributed 
considerably to model the underlying white matter architecture according to 
the ARD criterion (Behrens et al., 2007). This is particularly evident in regions 
with crossing fibres such as the decussation of the DRTTs (Fig. 2.1).
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Figure 2.1. Post mortem MRI acquisitions. (A): Coronal view of the structural image acquired 
with the TRUFI sequence. White arrow indicates inhomogeneous signal intensity in the 
cerebellar cortex. (B): Direction encoded colour (DEC) map with fractional anisotropy 
modulated intensity. Colour coding: green: anterior-posterior, red: left-right, blue: inferior-
superior. (C): The registration accuracy between structural and diffusion space is illustrated by 
overlaying DEC map with the structural MRI (sagittal view). The structural MRI was transformed 
to diffusion space with a 3D affine transformation. (D): ROI of diffusion directions in the 
decussation of the DRTTs (white arrow). Red and blue lines represent the first and second 
diffusion direction within a voxel, respectively.
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Figure 2.2. Probabilistic tractography of the DRTT’s overlaid on the structural image (coronal 
view). Green and red tracts originate from the left and right dentate nucleus, respectively. The 
slice in (A) is located 3.1 mm anterior to the slice (B). 
The tractography algorithm yielded well-defined most likely pathways 
between the dentate nuclei in the cerebellum and the contralateral thalami 
(Fig. 2.2). The tracts displayed a high degree of symmetry. From the seed 
region in the dentate nucleus, the reconstructed tract exited the hilum of the 
dentate nucleus to enter the superior cerebellar peduncle. The crossing to 
the contralateral side occurs at the level of the mesencephalon for both the 
left and right DRTT. Superior from the decussation, the DRTT traverses and 
encapsulates the red nuclei. Then, the tracts enter the internal capsule and 
branch out into their target regions in the thalamus.
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Figure 2.3. Histological axial sections stained for myelin with the modified Heidenhain-Woelcke 
stain at different levels of the cerebellum and the pons. (A): The unstained dentate nucleus 
(white arrow) is clearly visible and characterized by its dented pattern. (B):  The wedge-shaped 
structures represent the DRTTs (white arrow for left DRTT) in the superior cerebellar peduncles. 
(C): The decussation (white arrow) of left and right DRTT’s at the level of the mesencephalon. 
(D): Close-up from (A) of the left dentate nucleus. The white matter enclosed the dentate 
nucleus forms the origin of the DRTT. (E): Close-up of the DRTT within the superior cerebellar 
peduncles. Densely packed white matter is surrounding the DRTT at this level. Difference in 
texture allowed for differentiation of the DRTT with adjacent white matter indicated by the 
white arrows. The dashed outline indicates the right DRTT in this section. (F): Close-up from 
(B) of the DRTT (white arrow and outline, for left and right DRTT, respectively) within the 
superior cerebellar peduncle, but more superior located as in (E). (G): Close-up from (C) of 
the decussation (white outline) of the superior cerebellar peduncles in the mesencephalon. 
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Figure 2.4. 3D reconstruction of the histological sections from the cerebellum and brainstem. 
(A) and (B) depict a coronal view before and after affine registration of the stacked slices, 
respectively. Following affine registration, a non-linear registration approach was applied and 
represented in a coronal (C) and sagittal view (E). Alignment of internal structures significantly 
improved after this step and was most pronounced in white matter. Corresponding MRI slices 
for (C) and (E) are depicted in (D) and (F), respectively.  
The modified Heidenhain-Woelcke appeared to properly stain the DRTT and 
provided good contrast between the DRTT and adjacent structures (Fig. 2.3). 
As expected, deformations were observed in the histological sections due 
to tissue processing and microtomy. These deformations were fairly severe 
in some cases illustrating the necessity of spatial correction for accurate 
3D reconstruction. The 3D reconstruction after an affine registration 
scheme only produced reasonable results in terms of global alignment of 
the slices, but misalignment of internal structures was clearly noticeable. 
The diffeomorphic registration approach significantly reduced misalignment 
between the slices as it aims to warp corresponding structures to each other 
(Fig. 2.4). Segmentations of the DRTT’s were obtained from the histological 
3D reconstruction (Fig. 2.5).
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Figure 2.5. DRTT segmentation from 3D histological reconstruction. ROI’s of the DRTT are 
labelled in: blue, dentate nucleus; green, superior cerebellar peduncle and red, decussation in 
the mesencephalic region. Orientation labels: S, superior; P, posterior; L, left.  
Overlaying the segmentation and binarized tractography maps thresholded at 
a set of connectivity values allowed calculation of the overlap characteristics 
(TP, FP, TN, FN: Fig. 2.6). ROC analysis indicates worse performance (i.e. a 
lower area under the ROC curve) in the decussation in the mesencephalic 
region as compared to the other regions (Fig. 2.7). SI’s were calculated as a 
function of threshold. An optimal threshold was defined where SI is maximal 
in the superior cerebellar peduncle (Fig. 2.7, Table 2.2). This optimal threshold 
was 0.1%. I.e. voxels that had at least 0.1% of the total number of streamlines 
generated between the seed and target mask were included in the optimal 
tractography mask. The maximal SI for the superior cerebellar peduncles 
together was found to be 0.72. Additional analysis included the application of 
the optimal threshold to the tractography connectivity maps, resulting in an 
optimal tractography mask. Dilating this mask with a margin of 1 mm included 
95% of all DRTT fibres within the dentate nucleus and superior cerebellar 
peduncle (Fig. 2.7).
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Figure 2.6. Tractography (blue, at arbitrary threshold) compared by overlaying tractography with 
the histological segmentation of the tract of interest (red) in the axial slices of the histological 
volume. Regions of the dentate nucleus (A), superior cerebellar peduncle (B) and decussation 
in the mesencephalon (C) are depicted. (D): ROI of the dentate nucleus with measures for 
ROC analysis; TP=True Positives, FP=False Positives, TN=True Negatives, FN=False Negatives.
Figure 2.7. ROC curves for total tract and separate regions averaged for both left and right 
DRTT. (B): Similarity Index as a function of the connectivity threshold. (C): Spatial extent of 
the FN’s at optimal threshold. The optimal threshold is defined as the threshold where the 
Similarity index is maximal.
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Table 2.2. Maximum values for the similarity indices.
Discussion
For the first time, a combination of probabilistic tractography, a myelin 
stained 3D tract reconstruction and spatial metrics have been demonstrated 
to study the anatomical accuracy of tractography in a white matter bundle: 
the dentatorubrothalamic tract. A good agreement between tractography 
and the 3D segmentation was demonstrated by the method presented here. 
The modified Heidenhain-Woelcke stain (Bürgel et al., 1997; Holl et al., 2011) 
provided excellent contrast between the DRTT and adjacent tracts. Even in 
regions with similar colour intensity, histological slices provided a texture 
contrast that allowed distinguishing the DRTT from fibre bundles in close 
proximity (Fig. 2.3D). To date, MRI is unable to provide such detail. 
Visual comparison of tractography results and histology results showed 
a fairly good agreement. An ROC analysis was conducted to quantify the 
results. High sensitivity in the ROC curve corresponds to a high number 
of voxels overlapping in the binarized tractography and histology masks 
relative to the total number of histology voxels. Higher thresholds on the 
tractography connectivity maps will result in a lower number of tractography 
voxels, with lower sensitivity and higher specificity. Specificity in this context 
represents the number of true tract-negative voxels relative to the total 
number of histology-negative voxels. Specificity is thus influenced by the 
size of the compared volumes or rather, the number of zeros in these binary 
masks. Therefore, another quantitative measure, the Dice similarity index (SI), 
was introduced to evaluate tracking results more informatively. Our results 
demonstrate a maximum SI of 0.72 at the level of the superior cerebellar 
peduncle. Less overlap was found in the decussation of the DRTTs (Fig. 2.7B). 
This can be explained by the profuse mingling of fibres from left and right 
superior cerebellar peduncle (Fig. 2.3E), prohibiting separate segmentation 
of the two bundles at this point. Therefore, the whole decussation was 
taken as reference in the analyses for both the left and the right DRTT (Fig. 
2.6C). This assumption inevitably led to relatively many false negatives in the 
decussation, but it may be argued whether these were truly false negatives. 
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It is worth noting that the histological sections suffer from deformations 
when compared to their MRI reference slices. These deformations arise 
from various causes including histological preparations such as fixation, 
dehydration, embedding and microtome cutting (Dauguet, 2011). Tissue 
deformations were inevitable and were more pronounced in the cerebellar 
cortex than in cerebellar white matter. A non-linear registration approach was 
chosen to effectively correct for these deformations. Alignment of the non-
linear histological reconstruction was significantly improved when compared 
to the histological reconstruction after affine co-registration of the slices 
(Fig. 2.4), in particular for white matter regions. The ANTs registration toolbox 
allowed for this reconstruction by modelling a multivariate normalization 
approach. The multivariate normalization included not only the reference MR 
slice for each moving histological slice, but also two neighbouring histological 
slices to correctly align structures within the cerebellum. Such approach was 
previously applied in a volumetric reconstruction of the hippocampal sections 
(Adler et al., 2014) and deemed  appropriate for the data presented here.
The results of this study implicate that post-mortem reconstruction of the 
DRTT with the use of tractography fairly well represents its true anatomical 
position. Tractography may well be used as a way to visualize this tract in 
vivo in patients and controls and to study differences in volume or integrity 
of the white matter tracts. This will provide valuable information on the 
working mechanism of the cerebellum and the anatomical substrate and 
even pathophysiology of non-motor cerebellar disorders. In the future this 
knowledge may lead to better treatment options or even prevention of 
devastating syndromes such as the cerebellar mutism syndrome, for example 
by changing the surgical approach, trying to avoid the regions that appear 
most vulnerable.
When comparing groups of patients and normal controls, errors in the 
reconstruction of the tract (caused by region of interest selection, 
transformation and the reconstruction algorithm itself) will be averaged 
out by the group-wise approach and will not have a significant impact on 
the outcome (van Baarsen et al., 2015). Information on cerebellar structure-
function correlations, as derived from large trials, may lead to modifications in 
the surgical approach of cerebellar lesions. A personalized surgical approach 
based on tractography in the individual patient might be a future possibility, 
although current evidence is insufficient to support this. 
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The results presented here are not easily extrapolated to a clinical situation, 
where diffusion protocols take 20 minutes rather than 32 hours. In this 
respect, it should also be considered that post mortem dMRI is different 
from conventional in vivo dMRI. Fixed brains experience alterations in tissue 
properties owing to tissue degeneration after death and protein cross-linking 
caused by the fixative. Reduced apparent diffusion coefficient (ADC) (Sun 
et al., 2003) and T1 - and T2 signal (Pfefferbaum et al., 2004; D’Arceuil et al., 
2007; McNab et al., 2009) are noticeable MR effects due to these alterations. 
It is suggested that the reduction in T2 is at least partly driven by the presence 
of the fixative in tissue (Miller et al., 2012). In the present study, the specimen 
was soaked in phosphate buffered saline prior to scanning to counteract the 
decrease in T2 relaxation (Shepherd et al., 2009). Soaking of the specimen 
might be an explanation for the intensity inhomogeneity that is observed 
in our data (Fig. 2.1). No signs of pathology were found after microscopic 
inspection of histological sections. The immersion time of 72 hours may not 
have been sufficient to reach inner regions.
Although the tissue alterations are problematic for diffusion imaging, post 
mortem dMRI certainly has some advantages compared to in vivo dMRI. 
Lower image distortion and a higher resolution (spatial and angular) are the 
main benefits of post mortem dMRI, because there is basically no restriction 
on scan time. For the DW-SSFP sequence in particular, characterized by short 
TR and the use of a single diffusion-encoding gradient (McNab et al., 2009), 
diffusion weighting is acquired without requiring long TE. The sequence is 
unsuitable for in vivo dMRI, because its high sensitivity to motion, which is 
clearly excluded in post mortem tissue. In addition, it has been demonstrated 
that DW-SSFP performs significantly better than a conventional DW spin-
echo sequence in post mortem brains (Miller et al., 2012). 
It may be argued whether the good agreement between tractography 
and histology as found in this study, may be generalized towards validity of 
tractography for the DRTT. Ideally, tractography should have been verified 
in more than one subject and both in vivo as well as post-mortem. The latter 
was previously followed in animal studies, but is infeasible in human tissue due 
to ethical considerations. Nevertheless, regarding the fact that a voxel-by-
voxel comparison was done for both left and right DRTT, the large number of 
measurements was deemed adequate to reliably compare the two modalities. 
Whereas the individual anatomy may vary between subjects, the physical 
characteristics that tractography and histology are based on are probably 
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similar among different subjects. Tractography is based on the diffusion of 
water molecules in white matter and myelin staining is based on the presence 
of lipoproteins in the neuroceratine skeleton of myelin sheaths (Bürgel et al., 
1997). The overlap between tractography and histology depends on these 
tissue characteristics, not on the individual anatomy and will probably be of 
similar extent in different subjects. 
Alternatively, validation of post mortem tractography could be accomplished 
following a step-wise approach, in which the first step would be to investigate 
the anatomical correspondence of post-mortem tractography, as was done 
in this study. The second step would comprise a comparison between in 
vivo and post-mortem tractography in non-human species followed by in 
vivo tractography studies in multiple subjects to address the question of 
inter-individual anatomical variation. In this respect, Takahashi et al. already 
demonstrated the ability to reconstruct the superior cerebellar peduncle 
in post mortem high angular resolution diffusion imaging datasets in both 
adults (Takahashi et al., 2013) and during developmental stages (Takahashi 
et al., 2014). Further, the DRTT was studied in 15 healthy subjects and was 
successfully reconstructed with tractography in all subjects using a 1.5 T MRI 
scanner (Kwon et al., 2011). Similar studies involved mapping of the DRTT in 
healthy subjects (Palesi et al., 2014) and patients with cerebellar lesions (van 
Baarsen et al., 2013; Marek et al., 2015) at 3T. Although anatomical verification 
is lacking in these studies, in general tractography seems to follow the known 
anatomy of the DRTT as described by textbooks (Nieuwenhuys et al., 2008). 
Indeed, a probabilistic white matter atlas of the cerebellum, based on high-
quality, high-resolution data acquired from 90 subjects participating in The 
Human Connectome Project, will address the inter-individual variability and 
will be published shortly (van Baarsen et al., 2015).
It should be stated that the results of this study are only valid for the 
DRTT and cannot be extrapolated to other white matter tracts. However, 
combining probabilistic tractography and three-dimensional histological tract 
reconstruction into an ROC approach, as demonstrated in this work, may be 
adopted to evaluate tractography accuracy in other white matter tracts.
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Conclusion
Tractography of the dentatorubrothalamic tract, which is the main output 
tract of the cerebellum, has a fairly good spatial overlap with its histological 
three-dimensional reconstruction. Although this may not be extrapolated to 
a clinical decision-making situation, it does support tractography as a reliable 
tool for tract localization in experimental studies. Regarding non-motor 
cerebellar syndromes, reconstruction of the DRTT with tractography in 
patients versus controls may help in the search for their anatomical substrate.
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Abstract
Diffusion MRI is an exquisitely sensitive probe of tissue microstructure, and is 
currently the only non-invasive measure of the brain’s fibre architecture. As 
this technique becomes more sophisticated and microstructurally informative, 
there is increasing value in comparing diffusion MRI with microscopic imaging 
in the same tissue samples. This study compared estimates of fibre orientation 
dispersion in white matter derived from diffusion MRI to reference measures 
of dispersion obtained from polarized light imaging and histology.
Three post-mortem brain specimens were scanned with diffusion MRI and 
analyzed with a two-compartment dispersion model. The specimens were 
then sectioned for microscopy, including polarized light imaging estimates 
of fibre orientation and histological quantitative estimates of myelin and 
astrocytes. Dispersion estimates were correlated on region – and voxel-wise 
levels in the corpus callosum, the centrum semiovale and the corticospinal 
tract. 
The region-wise analysis yielded correlation coefficients of r=0.79 for the 
diffusion MRI and histology comparison, while r=0.60 was reported for the 
comparison with polarized light imaging. In the corpus callosum, we observed 
a pattern of higher dispersion at the midline compared to its lateral aspects. 
This pattern was present in all modalities and the dispersion profiles from 
microscopy and diffusion MRI were highly correlated. The astrocytes appeared 
to have minor contribution to dispersion observed with diffusion MRI.
These results demonstrate that fibre orientation dispersion estimates from 
diffusion MRI represents the tissue architecture well. Dispersion models 
might be improved by more faithfully incorporating an informed mapping 
based on microscopy data.
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Introduction
By measuring diffusive motion of water molecules in tissue non-invasively, 
diffusion Magnetic Resonance Imaging (dMRI) aims to unravel tissue features 
at a much smaller scale than the imaging resolution. Obstruction of diffusion 
due to the presence of cellular membranes and macromolecules allows 
us to infer the microstructural tissue architecture that is reflected by the 
diffusion signal (Beaulieu, 2002). In addition to estimating microstructural 
tissue properties, a key challenge in dMRI is to recover within-voxel 
fibre configurations. Methods that have been developed to enable the 
reconstruction of crossing fibres in the brain are relatively well established 
(Behrens et al., 2003; Tuch, 2004; Wedeen et al., 2005; Ozarslan et al., 2006; 
Tournier et al., 2007), especially if the crossings have a high separation angle. 
More recently, models have been developed for specifically assessing fibre 
orientation dispersion using dMRI (Sotiropoulos et al., 2012; Zhang et al., 
2012; Tariq et al., 2016) or dMR spectroscopy (Ronen et al., 2014). Others 
have focussed on the effect of dispersing geometries on the diffusion signal 
through Monte Carlo simulations (Nilsson et al., 2012; Kleinnijenhuis et al., 
2015). Estimating dispersion has the potential to improve current tractography 
algorithms for delineating white matter pathways (Behrens & Jbabdi, 2009; 
Rowe et al., 2013) or serve as a marker of local fibre coherence, which may 
provide novel markers of neuropathology. In addition, the diffusion MRI 
signal from a large portion of white matter is better explained by a model that 
incorporates dispersion (Ghosh et al., 2016) than models of crossing fibres 
(Jeurissen et al., 2013).
Comparison of estimates against reference measurements is an essential 
contribution to the development of increasingly advanced models of fibre 
architecture. One approach is to use simulations (Balls & Frank, 2009; Hall & 
Alexander, 2009) or physical phantoms (Fieremans et al., 2008) to generate 
dMRI data that mimic those obtained from real biological tissue. The primary 
advantage of such an approach is the control over the fibre configuration to 
be investigated. A different approach is to directly compare dMRI data to a 
reference measure in the same tissue, for example by acquiring post-mortem 
MRI data and microscopy in the same tissue sample. Most commonly, 
the tissue is stained to highlight specific features of interest, from which 
quantitative measures can be derived relating to the parameters generated by 
the dMRI model, for example, when tissue is stained for neurites to estimate 
intra-cellular volume fractions of white matter. Regarding fibre architecture, 
many studies focus on evaluating primary fibre orientations, for example 
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using Fourier analysis (Budde et al., 2011; Choe et al., 2012) or structure tensor 
analysis (Budde & Frank, 2012; Seehaus et al., 2015). The latter was recently 
applied to 3D confocal microscopy in order to estimate 3D fibre orientation 
distribution functions (fODF) and compare them to those reconstructed 
from dMRI data (Schilling et al., 2016). While dispersion has been quantified 
previously in histological sections, for example in (Budde & Annese, 2013), a 
direct comparison with dMRI, ideally in the same specimens, is lacking to date.
Scanning post-mortem tissue faces several challenges compared to in-vivo 
dMRI experiments. For example, the apparent diffusion coefficient (ADC) 
and the fractional anisotropy (FA) are known to reduce in formalin fixed tissue 
(D’Arceuil & de Crespigny, 2007). In addition, the T2 relaxation time of fixed 
tissue is decreased compared to brain tissue of living subjects (Pfefferbaum 
et al., 2004; Shepherd et al., 2009). However, dMRI data with high SNR 
can be obtained from post-mortem tissue, because such experiments are 
less restricted by scan times and can be performed at systems operating at 
ultra-high field strengths.
In this study, we evaluated estimates of fibre orientation dispersion in white 
matter from post-mortem human brain specimens using a parametric dMRI 
dispersion model (Sotiropoulos et al., 2012) and equivalent measures derived 
from microscopy data. Specifically, we use polarized light imaging (PLI) 
measures of fibre orientation and immunohistochemical stains for myelin and 
astrocytes. We demonstrate good agreement between dMRI estimates of 
fibre orientation and equivalent measures derived from microscopy in the 
same three tissue samples.
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Methods
Tissue specimens
Three post-mortem human brains were acquired with permission from the 
Oxford Brain Bank at the John Radcliffe Hospital in Headington, United 
Kingdom. The brains were immersion-fixed with formalin after extraction 
from the skull. Details on the history of each specimen can be found in 
Table 3.1. At the level of the anterior commissure, coronal slabs of 5 mm 
thickness were excised that included the medial part of the corpus callosum 
(CC), the centrum semiovale (CSO), part of the corticospinal tract (CST), 
the cingulate cortex and the superior frontal cortex. The samples originated 
from the anterior body of the CC, i.e. regions 3 and 4 according to Witelson’s 
parcellation scheme (Witelson, 1989). 
Formalin fixation is known to reduce the T2 relaxation time of tissue, which is 
detrimental to SNR in MRI, but can be reversed by soaking samples in saline 
(Shepherd et al., 2009). The samples were immersed in phosphate buffered 
saline to remove excess formalin 72 hours prior to imaging. 48 hours later 
the samples were transferred to a syringe filled with Fluorinert (FC-3283, 
3MTM, St. Paul, USA), a hydrogen-free liquid that is susceptibility-matched to 
tissue to maximize field homogeneity, but which contributes no signal. Where 
necessary, the specimens were immobilized by placing additional gauzes 
inside the syringe.
Table 3.1. Post-mortem specimen details. Abbreviations: PMI; post-mortem interval, i.e. time 
between death and start of fixation, FT; fixation time, i.e. the time between start of fixation and 
MRI, COD; cause of death. 
MRI Acquisition
The imaging pipeline for the specimens is illustrated in Figure 3.1. MR imaging 
was performed on a 9.4T 160 mm horizontal bore VNMRS preclinical MRI 
system equipped with a 100 mm bore gradient insert (Varian Inc, CA, USA). 
The maximum gradient strength was 400 mT/m with a slew rate of 2162 
mT/m/ms in all axes. RF transmission and reception were performed using 
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a 26 mm ID quadrature birdcage coil (Rapid Biomedical GmbH, Germany). 
Diffusion-weighted images were acquired with a spin-echo sequence (TE = 
29 ms, TR = 2.4 s) using single line readout and b = 5000 s/mm2 (d = 6 ms and 
Δ = 16 ms). High b-values were required to obtain sufficient diffusion contrast 
for estimating dispersion, as demonstrated in (Sotiropoulos et al., 2012) using 
b-values as high as b=8000s/mm2 in a post-mortem macaque brain. A total 
of 120 gradient directions were acquired in addition to four images with 
negligible diffusion weighting (b ≈ 8 s/mm2). The field-of-view covered the 
samples in the sagittal plane of the scanner (51.2 mm x 38.4 mm) and was 
sampled with a 128 x 96 matrix. This led to an in-plane resolution of 0.4 x 0.4 
mm, which was matched with a slice thickness of 0.4 mm for isotropic voxels. 
The average SNR for the b=5000 s/mm2 data was 15.5 and 18.6 for grey and 
white matter, respectively. To reduce Gibbs ringing, the complex k-space 
data of all volumes were filtered with a Tukey window (a = 0.5). Diffusion 
tensor images (DTI) were obtained using FMRIB’s Diffusion Toolbox (FDT) in 
FSL (Jenkinson et al., 2012) to compute mean diffusivity maps. These maps 
were solely used image registration with PLI and histology data. However, no 
diffusivity values were derived from the DTI analysis.
dMRI-derived dispersion
The dMRI dispersion model separates the diffusion signal into isotropic and 
anisotropic fractions. Dispersion is estimated from the anisotropic fraction, 
which aims to describe both intra- and extracellular compartments. The 
isotropic fraction likely captures both free water and non-neuronal cells 
(Azevedo et al., 2009). This model describes the fODF using a Bingham 
distribution (Fig. 3.2), which provides a quantitative estimate of fibre 
dispersion representing the fanning and bending fibre geometries that appear 
throughout the brain (Sotiropoulos et al., 2012; Tariq et al., 2016). The Bingham 
distribution (spherical version of a Gaussian distribution) is parametrised with 
a 3x3 rank-2 matrix whose non-zero eigenvalues k1 and k2 quantify dispersion 
along two orthogonal axes, with low k corresponding to high dispersion. 
For anisotropic dispersion, k1>k2, while for isotropic dispersion k1 = k2 = K 
(equivalent to the Watson distribution). A brief overview of the formulation 
of this dispersion model is given in Appendix A, with further details and 
discussion of its implementation given elsewhere (Sotiropoulos et al., 2012).
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Figure 3.1. Imaging pipeline for three formalin fixed brain specimens to study fibre orientation 
dispersion. dMRI data were collected with 120 directions at 9.4T, to which a parametric 
dispersion model was fit. After scanning, samples were cut coronally into two slabs that were 
processed separately to obtain fibre orientations at microscopic level. For one slab, PLI data 
were collected from serial sections, spanning ~1mm in the cutting direction. The other part of 
the sample was immunohistochemically stained for proteo-lipid protein (PLP) as a measure of 
myelin content and for glial fibrillary acidic protein (GFAP) as a measure for astrocytes.
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Figure 3.2. Probability density function of the Bingham distribution. The left image depicts a 
fibre population presenting anisotropic dispersion to which a Bingham distribution is fitted. 
From the Bingham distribution on the right, concentration parameters k1 and k2 can be 
extracted which are reciprocally related to dispersion.
In keeping with previous work (Zhang et al., 2012; Tariq et al., 2016) an 
Orientation Dispersion Index (ODI) was defined. Here, we quantify the ODI in 
a 2D plane, because the fibre orientations derived from the microscopy data 
were restricted to 2D. A mathematical description to derive 2D dispersion is 
given in Appendix B. The eigenvalue, k2D, that quantifies dispersion in a plane 
parallel to the microscopy data was used to compute the ODI as in Eq. 1. An 
ODI of 0 corresponds to perfectly aligned within-voxel fibre orientations (no 
dispersion), while an ODI of 1 represents a uniform distribution of fibres on a 
circle. 
In addition to the dispersion model, fODFs were obtained. The fODFs were 
solely collected to compare the alignment of fibre orientation between 
dMRI and microscopy-derived fibre orientation distributions (FOD) after 
co-registration, but no dispersion estimates were derived from the fODFs. 
The fODFs were obtained via Constrained Spherical Deconvolution (CSD). 
Spherical harmonics coefficients up to the 8th order were fitted in MRtrix 
(Tournier et al., 2013). Because the microscopy techniques yield fibre 
orientation in 2D, the fODF of each voxel was projected into a 2D plane. A 
convex hull was calculated from the 2D projection and referred to as fODF2D 
hereafter.
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Microscopy
Estimates of dMRI dispersion were compared to two microscopic imaging 
approaches: polarized light imaging (PLI) and immunhistochemical staining. 
After MRI, each sample was sliced along the middle, in the coronal plane, to 
generate two slabs of approximately equal thickness (Fig. 3.1). One of the 
slabs was frozen for PLI and the other was processed and paraffin embedded 
for histology. Frozen tissues are ideal for PLI as lipids in the myelin sheath 
are preserved. Fibre orientation distributions were derived from both PLI and 
histology using structure tensor analysis, as described below.
Polarized Light Imaging
PLI enables quantification of fibre orientations at microscopic resolution 
based on the optical property of birefringence (Larsen et al., 2007; Axer et al., 
2011b). The myelin sheath surrounding axons is birefringent (de Campos Vidal 
et al., 1980), and results in a transmitted light intensity that depends on the 
angle between the myelin sheath and a polarizing filter on the microscope. 
Fibre orientation estimates are generated in PLI by acquiring a series of 
images with varying polarizer angle. The resulting light intensity exhibits a 
sinusoidal variation, the phase of which indicates in-plane fibre orientation.
For PLI, the tissue slabs were immersed in a 30% sucrose-solution for one 
week to prevent the formation of ice crystals during freezing and to preserve 
tissue morphology. After cryoprotection, the tissues were frozen to -80 °C. 
One day later the tissue slabs were sectioned at -12 °C in the coronal plane 
using a cryostat (Leica, Germany), at a thickness of 60 μm. Sixteen sections 
were collected in a serial manner for each specimen, covering a distance 
of ~1mm in the cutting direction. Images were taken on a Leica DM4000B 
microscope (Leica, Germany) equipped with a polarizer, a rotatable polarizer 
(the analyser), a quarter wave plate (QWP) and a white LED light source. The 
fast axis of the QWP was oriented 45° with respect to the transmission axis 
of the polarizer to create circularly polarized light. The rotating analyser then 
captured the phase shift induced by the myelin sheath. Images were taken 
at 18 equiangular rotations ranging from 0° to 170° with a 1.25x magnifying 
objective yielding a resolution of 4 μm/pix. Background correction of the 
images was performed as described elsewhere (Dammers et al., 2010). 
Fibre orientations were derived by fitting the light intensity at each pixel 
to a sinusoid, the phase of which gives the in-plane orientation (Axer et al., 
2011c) (see Appendix C). A histogram of the fibre orientations from a local 
neighbourhood of 100 x 100 pixels across 6 slices (i.e. 0.4 x 0.4 x 0.36 mm) 
was computed to obtain a fibre orientation distribution (FOD). 
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Histology
After embedding in paraffin, samples were cut into 6 μm thick sections for 
immunohistochemistry. The tissue sections were stained with antibodies 
against myelin proteo-lipid protein (PLP; MCA839G; Bio-Rad; 1:1000) or 
glial fibrillary acidic protein (GFAP; Z0334; DAKO; 1:2000) for astrocytes 
and visualised using DAKO REALTM  EnVisionTM  Detection System (K5007) 
with diaminobenzidine (DAB) chromogen. Sections were counterstained with 
haematoxylin. For every specimen, six sections were stained, three for each 
protein. Digitization of the stained sections was performed on a Leica Aperio 
Scanscope AT Turbo slidescanner (Leica, Germany) using x40 magnifying 
objective, leading to a resolution of 0.28 μm/pix.
Structure tensor analysis
Fibre orientations in the histological images were obtained via texture 
analysis. The histological FODs were derived after structure tensor analysis 
of the images (Bigun & Granlund, 1987). Images were first subdivided into 
patches of 1400x1400 pixels, roughly matching the dimensions of an 
MRI-voxel in our experiment. From the myelin images, the red colour-channel 
was used for analysis. The astrocyte images were first transformed to the 
HSV colourspace. The saturation channel was then extracted as it was 
mostly represented by astrocyte staining without much contribution from 
the background staining. For both stains, the cell-nuclei were removed from 
the images using colour-based segmentation which was facilitated by their 
blue appearance. To do so, an empirically defined RGB threshold was used to 
define a mask representing the cell-nuclei. Examples of these pre-processing 
steps are depicted in Supplementary Figure S3.1. Structure tensor analysis 
was performed on each of the processed patches separately. We calculated 
a fibre orientation estimate at every pixel as described previously (Budde & 
Frank, 2012; Rezakhaniha et al., 2012) (see Appendix D for a mathematical 
formulation). Fibre orientations were extracted from pixels above a staining 
intensity threshold to minimize the effect of background staining. The FOD 
was then computed as the histogram of the extracted fibre orientations. An 
overview of the FOD derivation can be found in Figure 3.3. 
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Figure 3.3. Microscopic fibre orientation analysis for histological and PLI data. Structure tensor 
analysis was performed on histology (left column). Here, a simulated fibre configuration is 
shown for demonstration purposes. Fibre orientation at each pixel was derived by estimating 
the direction of local intensity gradients. An FOD (red) can then be calculated by taking the 
histogram of fibre orientations in a neighbourhood comparable to the size of an MRI-voxel. 
For PLI data, a similar FOD can be obtained (blue). Instead of analysing texture in an image, 
PLI yields a fibre orientation at each pixel after PLI-signal processing. Like the structure tensor 
analysis, an FOD was extracted by computing the histogram of orientations from the PLI 
vector field in a local neighbourhood.
Microscopy-derived dispersion
Analogous to the dMRI dispersion model, the Bingham distribution was fitted 
to the microscopy-derived FODs (Riedel, 2015). The Bingham eigenvalues 
were extracted to obtain microscopic orientation dispersion. However, the 
Bingham distribution is parameterized in 3D, whereas the microscopy FODs 
are in 2D. Fitting the Bingham to the 2D microscopic FODs theoretically sets 
k1  ∞, leading to a single dispersion axis, since the FOD is a delta function 
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in the third dimension. Hence, the eigenvalue representing the only non-zero 
dispersion was used to compute an orientation dispersion index (ODI) as 
defined in Eq.1.
Registration
For MRI - microscopy comparisons with spatial specificity, an essential step is 
the alignment of each modality into the same space. Pixel-wise comparison is 
even possible with sufficiently accurate alignment of the microscopy slices to 
the MRI data. However, tissue processing steps such as fixation, embedding 
and cutting cause non-linear deformations to the tissue sections, making 
this a much more difficult alignment than is faced in conventional MRI. Here, 
a 2D deformable registration was employed using a Modality Independent 
Neighbourhood Descriptor (MIND) (Heinrich et al., 2012). The images used in 
calculating alignment for each modality were: the mean diffusivity maps for 
MRI, the transmittance maps for PLI (i.e. I0 maps, see Appendix C), and the 
greyscale stained images for histology. The computed deformation fields were 
then applied to the corresponding FOD maps to be able to compare FODs 
from individual voxels between the modalities. Prior to transforming the FOD 
images, the fibre orientations were reoriented in order to preserve the fibre 
orientations relative to the bulk anatomy. For each point in the deformation 
field, a local affine transformation can be computed as described previously 
(Alexander et al., 2001b). The rotation induced by this affine transformation 
was used to reorient the FODs.
Regions of interest
Three regions of interest (ROIs) were defined in the specimens with known 
increasing grades of dispersion: the corpus callosum (CC), the corticospinal 
tract (CST) and the centrum semiovale (CSO). The masks for the ROIs are 
shown in Figure 3.10 for specimen 1. Our goal in including the CSO is to span 
the broad range of ODI values found in the brain. The CSO is a region of 
crossing fibres, which is an extreme form of dispersion that would ideally 
be described by a more complex model, such as a sum of multiple Bingham 
distributions. The comparison of the diffusion signal against microscopy 
in the CSO is therefore informative, but ODI values themselves are to be 
interpreted with caution.  Average ODI values were extracted from each ROI 
and correlated against each other. For the corpus callosum a more detailed 
comparison was given by averaging ODI values along the superior-inferior 
direction, yielding left-to-right dispersion profiles which were correlated 
across modalities. Finally, a voxel-wise comparison of dispersion was facilitated 
by co-registration of the different modalities. 
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Role of astrocytes
As a secondary goal, we evaluated whether dMRI dispersion is better explained 
by both myelinated axons and astrocytes, compared to only myelinated axons. 
A combination of FODs derived from the myelin and astrocyte histology was 
defined as FODMA.
Here, FODM and FODA are the myelin and the astrocyte derived FODs, 
respectively. Likewise, fM represents the volume fraction of myelin and fA is 
the volume fraction of astrocytes. The FODs were defined along orientation 
angles θ. As described in section 2.4.3, fibre orientations were only extracted 
from pixels above a certain staining intensity after pre-processing the images. 
The percentage of pixels above this staining intensity was defined as the 
area fraction for the studied structure. From the area fraction, a volume 
fraction was estimated via a numerical simulation. In brief, a 3D voxel space 
was created in which randomly oriented fibres were generated at increasing 
volume fractions. For each increase in volume fraction, a virtual slice was 
extracted from the 3D volume. From the slice, an area fraction was estimated 
by segmenting the fibres and counting the number of pixels relative to the 
total area, just as in the histological images. In such a way, an informed 
mapping was constructed that relates the measured area fraction to a volume 
fraction (see Fig. 3.5 and Supplementary Fig. S3.3). Hence, to obtain fM and fA, 
the computed area fractions were converted to volume fractions based on 
the mapping. In addition, the volume fractions were equally scaled for each 
location such that fM+fA=1. 
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Results
Registration
Figure 3.4 depicts the alignment of all three modalities, i.e. mean diffusivity 
maps (dMRI), transmittance maps (PLI) and the greyscale stains (histology) 
using co-registration with the MIND algorithm. The approach provided good 
alignment of the images by computing a local similarity metric rather than 
a global similarity metric such as mutual information that is used in many 
common registration frameworks for biomedical imaging. The local similarity 
metric is modality independent and was found to be well suited for our MRI – 
microscopy comparisons. Judging from the close correspondence between 
the boundaries (within the size of a voxel, i.e. 0.4 mm) of the CC, alignment 
of the different modalities appears to have reached good accuracy despite 
the severe deformations commonly associated with tissue processing for 
microscopy. However, some misalignment is also visible in some cortical 
regions, for example between dMRI and histology in specimen 3 indicated by 
the white arrow. As a result, we expect voxel-wise comparisons to be more 
robust in the CC than in some of the other regions contained in these samples.
Figure 3.4. Contour plots depicting the alignment of the modalities after registration using the 
MIND algorithm. Shown are the mean diffusivity maps superimposed with either PLI (edges 
of transmittance maps in blue) or histology (edges of myelin stain in red) for each specimen. 
In most areas, the alignment is highly accurate (within the size of a voxel, i.e. 0.4 mm), while 
the white arrows indicate regions where the registration did not overlap the corresponding 
modalities. 
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FOD microscopy
The PLI and histology images allow the relative contribution of distinct sources 
of dispersion to be distinguished. To achieve this, FODs were obtained from 
the myelin (FODM) and the astrocyte (FODA) histology data and combined 
(Eq. 2) to yield the aggregate FODMA. Figure 3.5 depicts two regions in the 
corpus callosum that illustrate these two sources of dispersion. The images 
were first pre-processed to highlight the feature of interest, as described 
above. Structure tensor analysis was performed to obtain a fibre orientation 
at every pixel. In the myelin image, fibre populations oriented at large angles 
(~40 degrees) to one another are running in close proximity within a relatively 
small field-of-view. In general, the astrocyte processes follow the orientation 
of the highly anisotropic matrix of axons in which they are embedded, though 
in a less ordered manner, yielding wider FODs and thus higher dispersion. 
Figure 3.5. Fibre orientation analysis in histology. Structure tensor analysis was performed 
to obtain a fibre orientation at each pixel. The left panels show the original images of two 
field-of-views depicted from the corpus callosum (white boxes). In both cases, the stain of 
interest is brown and blue/purple is a counterstain that depicts cell nuclei. To highlight the 
feature of interest (i.e. myelin or astrocytes), the images were first pre-processed as shown in 
the right panels. Next, structure tensor analysis was performed on the processed images. Fibre 
orientations were extracted only from pixels above a certain staining intensity. For illustration 
purposes, the neighbourhood over which an FOD is computed here is smaller than the size of 
an MRI-voxel in our experiment. 
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A representative slice of the PLI-derived fibre orientation maps is given in 
Figure 3.6 for each specimen, with colour representing orientation (note 
that the colour-map only codes the in-plane orientation and therefore differs 
from those typically used in dMRI, as shown in the lower left-hand corner). 
At the mesoscopic scale, the corpus callosum exhibits a considerable amount 
of heterogeneity of fibre orientation. A loss of coherence is evident at the 
midline, where small fascicles appear to intertwine and change direction. 
FODs at the scale of the MRI voxels in our experiment (0.4 mm) are shown for 
a 3.2x3.2 mm region at the midline of the corpus callosum (middle column). 
When computing the FODs at the scale the size of a voxel for a typical in-vivo 
dMRI experiment (2 mm; dashed region) dispersion increases, as can be seen 
in the polar plots (right column). 
Figure 3.7 depicts the PLI FODs for the CST and the CSO from locations 
indicated by the yellow and red boxes in Figure 3.6, respectively. The CST has 
been established to exhibit higher dispersion than CC; this is not evident in 
the PLI images, which is likely due to sectioning of the tissue samples in the 
coronal orientation, whereas the major axis of dispersion in the CST is along 
the anterior-posterior direction. The crossing of fibres from the CC and CST 
in the CSO are clearly visible as these run in the coronal plane. A third bundle 
crosses in the CSO, the superior longitudinal fasciculus, which runs into the 
imaging plane; fibres perpendicular to the section cannot be estimated using 
our PLI setup and therefore these fibres are likely the source of the black 
speckling in the CSO.
To evaluate the overall correspondence of the FODs calculated from the 
different modalities within each 0.4x0.4mm neighbourhood, we calculated 
the correlation coefficients between amplitudes (in a polar coordinate system) 
of the microscopy-derived FODs and dMRI-derived fODFs2D (Fig. 3.8). FODs 
in the CC are in general highly correlated, while regions such as the CSO or 
the cingulum exhibit weaker, or even negative, correlations. The discrepancy 
in these more complex fibre geometries and fibres perpendicular to the 
image plane are in part due to projecting 3D fODFs onto the 2D plane. Poor 
agreement in the cingulum is particularly to be expected given that these 
fibres run approximately into the plane of sectioning. The maps in Figure 3.8 
indicate both that the FODs and fODFs2D are generally in agreement (with 
the correlation coefficients likely dominated by directional similarity) and that 
spatial alignment is of sufficient quality to attempt comparisons between the 
techniques at the voxel (pixel) level.
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Figure 3.6. PLI fibre orientation maps of each specimen. In-plane orientation is colour-coded 
according to the sphere on the bottom left. CC regions of interest in the middle row are taken 
from the blue boxes in the images (left column). The red and yellow boxes indicate areas in 
the centrum semiovale and the corticospinal tract, respectively and are given in Figure 3.7. 
FODs from a neighbourhood size of 0.4 x 0.4 mm (white lines) are superimposed on the 
high-resolution fibre orientation maps (shown color-coded). The dashed boxes illustrate a 
neighbourhood corresponding to a typical dMRI voxel for in-vivo experiments (2 mm). FODs 
from these dashed boxes are depicted in the polar plots on the right and exhibit greater 
dispersion than the smaller neighbourhoods. 
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Figure 3.7. PLI fibre orientation maps for the corticospinal tract (yellow) and the centrum 
semiovale (red). See Figure 3.6 for further description.
Figure 3.8. Correlation of microscopy derived FOD and fODF2D amongst modalities in each of 
the three specimens. The top row depicts the correlation coefficients between the FOD from a 
stack of 6 PLI slices (dimensions: 0.4 x 0.4 x 0.36 mm) and the fODF2D from the corresponding 
MRI slice (0.4 mm isotropic voxels). The histological FODs were obtained from the average of 
three myelin and three astrocytes stains combined (i.e. FODMA). The bottom row depicts the 
FODs from each modality for a voxel that is representative for the region of interest marked 
with the white rectangles above.  
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Dispersion
An overview of dispersion estimates for each specimen and modality is given 
in Figure 3.9. The histological dispersion shown here was derived from the 
myelin FODM. Broadly similar patterns can be recognized in the ODI maps, with 
high dispersion in crossing fibre regions like the CSO and lower dispersion in 
the CC. However, on a voxel-wise level, not all regions across the modalities 
show a consistent pattern of dispersion. In terms of absolute values, dMRI 
and histology exhibit similar dispersion values, while dispersion from PLI is 
considerably lower. Focusing on the CC, the midline exhibits more dispersion 
as compared to its lateral aspects in all modalities. The highest dispersion 
is found in the CSO due to the crossing of the CC, the CST and superior 
longitudinal fasciculus. However, we hypothesized that dispersion in the CST 
is lower than in the CSO, but for dMRI the difference appears to be little.
Figure 3.9. Orientation dispersion maps across specimens and modalities. Dispersion in 
the dMRI was estimated for each voxel by fitting a dispersion model parametrized by the 
Bingham distribution (Appendix A). Dispersion in the microscopy images was estimated by 
fitting the Bingham distribution to the FODs in a local neighbourhood comparable to the size 
of an MRI voxel. The histological dispersion is derived from myelin only (i.e. FODM). Lower 
dispersion values were found in PLI (note the difference in the range of the colour bar), while 
dMRI and histological dispersion have similar ODI values. Focusing on the corpus callosum, an 
increased amount of dispersion at the midline is consistently observed across the modalities 
and specimens.
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The region-wise analysis yielded an average ODI for each specimen across the 
modalities and different ROIs. Scatterplots relating dMRI dispersion to either 
PLI or histology (myelin) dispersion are given in Figure 3.10. A higher correlation 
was found between dMRI and histology (r=0.79) than between dMRI and PLI 
(r=0.60). In addition, the trend line between dMRI and histological dispersion 
almost equals a one-to-one relationship. CC dispersion was found to be the 
lowest, while the CSO exhibited higher dispersion than the CST for PLI and 
histology. However, for dMRI the dispersion was roughly similar in the two 
latter regions. 
Figure 3.10. ROI analysis of dispersion estimates (ODI) in the corpus callosum (CC), the 
corticospinal tract (CST) and the centrum semiovale (CSO). The dots represent different 
specimens and regions, with each dot is color-coded according to the region it belongs to. A 
trend line (dashed black) is given for the relation between modalities in addition to the trend 
line indicating a one-to-one relationship (solid blue). 
Figure 3.11 plots the average ODI profiles for each left-to-right location of 
the CC. Two histology-based dispersion profiles are shown: one based purely 
on the myelin staining and one combining myelin and astrocyte stains based 
on the combined FODMA (Eq. 2). The ODI consistently peaks in the medial part 
of the corpus callosum both across modalities and specimens. Dispersion 
derived from myelin alone better reflects the dMRI dispersion than dispersion 
derived from both myelin and astrocytes. These results suggest that, although 
astrocytes exhibit dispersion, their contribution shape of the dMRI profile is 
small.
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Figure 3.11. Dispersion profiles in the corpus callosum for dMRI, PLI and histology. Profiles 
were obtained by masking the dispersion maps with a corpus callosum mask as in the example 
on the top left. The mean along superior-inferior directions and across slices resulted in the 
dispersion profiles shown here. Similar to the pattern in the spatial maps (Fig. 3.9), an increased 
amount of dispersion is evident around the midline compared to the lateral aspects of the 
corpus callosum. PLI exhibits lowest dispersion in the corpus callosum, whereas histology and 
dMRI yield similar values. However, when astrocytes (in addition to myelin) were incorporated 
for the histological dispersion estimate (i.e. derived from FODMA), higher dispersion values are 
obtained.
Figure 3.12. Scatter plots of the dispersion profiles extracted from the corpus callosum as in 
Figure 3.11. The top depicted the comparison of PLI and dMRI, while the bottom row shows 
histology (myelin only) and dMRI. Correlation coefficients were calculated for all points 
together and separately for ODIs below 0.1, to see if a similar trend exists for a smaller fraction 
of the data. The solid trend lines indicate whether low ODIs follow a similar behaviour as the 
relationship of all ODI values together (dashed trend lines). 
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A correlation of the dispersion profiles across the CC demonstrated very 
similar patterns of dispersion for the different modalities, with the highest 
correlation coefficient reported for specimen 2 between the dMRI and PLI 
dispersion profiles (r=0.93), see Figure 3.12. These high correlation coefficients 
were to some extent driven by the low-vs-high dispersion clusters in the CC 
(corresponding to the medial and lateral CC). This was especially evident for 
specimen 1, where little correlation is found when only ODIs below 0.1 (for 
dMRI) were considered, reflecting the very narrow range of ODI values in 
the lateral CC. For specimens 2 and 3, however, the slopes of the low ODIs 
follow a similar trend compared to all ODI values and, in case for PLI, even 
with comparable correlation coefficients.
Figure 3.13 features a voxel-wise comparison of dispersion in the CC. Each 
dot is color-coded according to its medial-lateral location across the CC. 
Overall, lower correlation coefficients (r=0.64 and r=0.67 for histology and 
PLI, respectively) are found as compared to the ROI analysis. The correlations 
are influenced by outlier voxels in the medial part of the CC, where fibre 
structure is chaotic (see Fig. 3.6). Because dispersion is more heterogeneous 
in the medial CC, minor misalignments could be one source of disagreement 
between modalities. Voxel-wise comparisons of dispersion for the CST and 
CSO are given in Figure 3.14. While for the CSO moderate correlation (r=0.52 
and r=0.60 for histology and PLI, respectively) was found, lowest correlation 
coefficients were reported for the CST (r=0.31 for both histology and PLI). 
Figure 3.13. Voxel-wise correlation of dispersion estimates in the corpus callosum for PLI and 
histology compared to dMRI. Each dot is color-coded according to their medial-lateral position 
in the corpus callosum. Notice that the outliers primarily correspond to high ODIs in the centre 
of the corpus callosum.
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Figure 3.14. Voxel-wise comparison of orientation dispersion index (ODI) of dMRI with either 
histology (left) or PLI (right) in the corticospinal tract and the centrum semiovale.
Discussion
This study investigated fibre orientation dispersion in white matter derived 
from dMRI and microscopy. Estimates of dispersion were previously reported 
in human brain tissue with MRI using either dMRI (Sotiropoulos et al., 2012; 
Zhang et al., 2012; Tariq et al., 2016) or dMRS (Ronen et al., 2014) and with 
structure tensor analysis of histological sections (Budde & Annese, 2013); 
however, an evaluation across modalities has been lacking to date. Here, we 
estimated dispersion from dMRI data using a two-compartment model and 
compared these against dispersion estimates derived from microscopy data, 
including PLI and histology. 
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The most pertinent question addressed in our study is whether dispersion 
estimated from dMRI is a result of actual fibre orientation dispersion or 
primarily determined by orthogonal diffusion due to variation in other 
microstructural properties like axon diameter or extracellular volume fraction. 
The ROI analysis yielded strong correlation between dispersion derived from 
dMRI and histology, and a somewhat weaker correlation for dMRI and PLI (Fig. 
3.10). Focusing on the CC, we found very high correlation between dispersion 
profiles from left-to-right, and lower correlations at voxel-wise level (Figs. 3.12 
and 3.13). Overall this provides strong evidence that the dispersion estimates 
from dMRI models capture actual microstructural fibre orientation dispersion. 
This conclusion was substantiated using two independent measures of fibre 
orientation: the birefringence of the myelin sheaths using PLI and the texture 
of myelinated fibres visualized with proteo-lipid-protein stains for myelin. 
The ROIs were selected based on their expected variation in dispersion, with 
the CC expressing low dispersion, the CST medium dispersion and the CSO 
high dispersion due to crossing fibres. However, the distinction between 
medium and high dispersion was not apparent for dMRI, with the CST and 
CSO yielding similar dispersion (Fig. 3.10). The strongest correlations were 
found in the CC (Figs. 3.13 and 3.14), for which the fanning is largely in the 
imaging plane of microscopy. For the CST and CSO, the fibre configurations 
extend through the imaging plane of microscopy, which may explain the 
relatively worse agreement with dMRI in these regions. The CST has its primary 
fanning along the anterior-posterior direction, and as such, the PLI derived 
FODs demonstrate relatively little dispersion in the CST (Fig. 3.7). The CSO 
exhibits well-established crossings along all three dimensions, but only two of 
these are captured by the microscopy images. Thus, although dMRI derived 
dispersion was extracted along the imaging plane of microscopy, the specific 
anatomy for each ROI may have played a role in the correlation coefficients 
reported here. 
The microscopy techniques employed in this study face some intrinsic 
limitations due to the restrictions of 2D measurements. PLI has potential to 
quantify the 3D fibre orientation by estimating the inclination angle (see Eq. 
C.2, in Appendix C). However, with data acquired from the PLI setup used 
here, the inclination angle has an ambiguous solution and requires assumptions 
about tissue properties including the birefringence of myelin and the slice 
thickness. This limitation can be overcome by changing the propagation 
direction of the light through the specimen, either by tilting the microscope 
stage (Axer et al., 2011c; Wiese et al., 2014) or changing the direction of the 
light with micro-lens arrays (Oldenbourg, 2008). Alternatively, one could 
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obtain reference measurements of 3D FODs using confocal microscopy with 
3D structure tensor analysis (Khan et al., 2015; Schilling et al., 2016) or optical 
coherence tomography (Srinivasan et al., 2012; Magnain et al., 2014). The 
latter is also less susceptible to tissue deformations, as the image acquisition 
is performed en bloc prior to cutting.
Validation studies of dMRI often consider reference measurements derived 
from microscopy as being a gold standard. Typically, microscopy focuses on 
a specific feature of interest inside tissue that is related to the output of the 
dMRI model, for example myelinated axons and astrocytes in the present 
study. As such, other structures that possibly also influence the dMRI results 
may be overlooked. In that sense, 3D electron microscopy is perhaps the only 
technique to be considered as gold standard, as it is capable to quantify the 
full complexity of tissue microstructure at ultra-high resolution (Mikula et 
al., 2012). However, such experiments are limited to very small regions of 
interest, very laborious and require sophisticated segmentation algorithms to 
identify tissue compartments. With regards to the former, PLI is a relatively 
novel imaging technique and just a few studies utilized it to evaluate dMRI 
results, though in a qualitative manner (Leuze et al., 2014; Caspers et al., 2015). 
Here we show for the first time a quantitative analysis of PLI and the results 
from this study may inform future studies considering PLI as a reference 
measurement. 
The pattern of variable dispersion observed in the CC deviates from the 
general assumption that it is a uniformly coherent fibre bundle of axons 
running parallel to one another. The observation of higher dispersion on the 
midline implies a reorientation of fibre trajectories at this level. The functional 
significance of this anatomical peculiarity, if any, is unclear. One appealing 
hypothesis is that fibres change direction at the midline to connect to 
heterotopic areas. Alternatively, it could be an epiphenomenon of callosal 
development. Several glial structures near the midline play an important role 
in the formation of the CC (Shu et al., 2003; Ren et al., 2006; Paul et al., 
2007) and dispersion may be a remnant of the development of the CC.
Although the dispersion profiles measured with the different modalities 
showed a strong correlation (Fig. 3.12), PLI yielded lower ODI values than 
dMRI and histology. The spatial resolution of the PLI images may be the 
source of this discrepancy. At 4 μm/pix and a slice thickness of 60 μm, the 
orientation estimate of each PLI-pixel produces a single value that is the 
average of several dozens of myelinated axons within that neighbourhood. 
Hence, there is no sense in which the intrinsic PLI signal can be “broadened” 
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by dispersion at the imaged resolution (Dohmen et al., 2015), unlike dMRI. 
Each myelin sheath acts as a wave retarder that induces a phase shift to the 
circularly polarized light. The net phase shift is simply a summation of all phase 
shifts induced by all myelin sheaths inside the pixel, creating the PLI signal. In 
contrast to dMRI, it is not possible to resolve within-pixel fibre configurations 
with PLI. Dispersion within a PLI pixel therefore cannot be quantified, and it is 
likely that PLI underestimates to some degree the dispersion values present 
in the full 3D tissue section.  
Dispersion of two white matter compartments was investigated, myelinated 
axons and astrocytes, using the histology images. Diffusion in the extracellular 
space and in non-myelinated axons also contributes to dispersion, but these 
compartments were not evaluated in this study. However, the geometry of 
the extra-cellular space will be primarily defined by axons in white matter and 
similarly we think it is reasonable to assume that non-myelinated axons follow 
the same trajectory as myelinated axons. Thus, it was assumed that these 
compartments exhibit similar degrees of dispersion at a certain location as 
myelinated axons. 
The primary type of astrocytes in white matter, fibrous astrocytes, have 
elongated processes (Kettenman & Ransom, 2013). It was hypothesized 
that this microstructure impedes diffusion and may contribute to diffusion 
anisotropy and dispersion. To test this hypothesis, we compared FODs based 
solely on myelin histology to an aggregate FOD including both myelin and 
astrocytes. Volume fractions for the myelin and astrocyte compartments were 
calculated based on area fractions in the histological images (Supplementary 
Fig. S3.3). The mapping between the area and volume fraction was based 
on a simulation that assumed a packing of randomly oriented fibres. Though 
this packing may not entirely hold true for myelinated axons and astrocytes, 
it provides some sense in how to convert the area fraction into a volume 
fraction. The average astrocyte volume fractions for our specimens ranged 
from fA=0.06 - 0.12, which agrees with the volume fractions found in literature, 
i.e. fA=0.1- 0.2 (Kettenman & Ransom, 2013). A closer resemblance between 
dMRI and histology was obtained when dispersion was only derived from the 
myelin FODs (Fig. 3.11). Because the dispersion estimated from astrocytes is 
much higher than that estimated from myelin, the aggregate FODMA yielded 
higher dispersion than the myelin FODM (Fig. 3.5). A regression analysis was 
performed on the dispersion profiles derived from FODM and FODA to consider 
whether any linear combination of the measured myelin and astrocyte FODs 
could improve (which could reflect, for example, a different volume fraction 
than that derived from our areal fraction simulations). This analysis yielded 
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no contribution from astrocytes in addition to myelin to explain the dMRI 
dispersion profiles (data not shown). Taken together, these results suggest 
that, although exhibiting a similar spatial pattern of dispersion across the CC, 
astrocytic processes do not contribute significantly to the dMRI dispersion 
estimates.
The present study employs a dMRI dispersion model that assumes a stick-like 
fibre response function which allows no diffusion perpendicular to it. Though 
the isotropic compartment should account for diffusion in the perpendicular 
direction, it is plausible that the stick implementation overestimates dispersion. 
Indeed, using a forward simulation it can be shown that a model with cigar-like 
response function, in which some perpendicular diffusion occurs, generates a 
very similar FOD to a model with dispersion and a stick-like response function 
(Supplementary Fig. S3.4). Accurate estimation of the response function 
could help improve microstructure models such as the one employed here, 
as well as spherical deconvolution techniques that aim to estimate the fODF 
from dMRI data. Currently, the response function is often estimated in the 
CC (Tournier et al., 2004; Tax et al., 2014). Our results demonstrate that 
dispersion in the CC cannot be neglected and is likely to have an effect on 
the estimated fibre response function and thus the fODF (Parker et al., 2013). 
Our framework could provide a way to calibrate the response function based 
on microscopy data. By matching the dispersion estimates from dMRI and 
histology, a mapping between the ground-truth fibre architecture and the 
dMRI representation may be obtained. Such a mapping would enable more 
accurate estimate of the fODF, which we aim to address in future work.  
Finally it should be noted that this study considered one specific model 
(Sotiropoulos et al., 2012) to estimate dispersion from dMRI data. Recently, 
NODDI-Bingham (Tariq et al., 2016) was developed which generates very 
similar output parameters, as it also employs a Bingham distribution to 
characterize the fODF. It is beyond the scope of this study to compare 
these different dispersion models with each other, but it would certainly be 
of great interest whether other dMRI models provide a better match to the 
microscopy estimates. The data presented here may thus be a useful test-bed 
to further evaluate different models. Although not used in this study, the 
acquired dMRI protocol acquired two b-value shells, with an additional 120 
gradient directions acquired at b = 2500 s/mm2. Data presented in this study 
is publicly available at http://www.fmrib.ox.ac.uk/DigitalBrainBank, allowing 
other researchers to use it to evaluate their models. 
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Conclusion 
This work compared fibre orientation dispersion values derived from dMRI 
data using a two-compartment model with microscopic correlates. In terms 
of average dispersion profiles, high correlation was found between the dMRI 
and microscopy, both across regions and within the CC. Though correlative 
patterns of dispersion were found between the modalities, the absolute 
dispersion values were different, with the highest values reported for 
histology, followed by dMRI and lowest for PLI. A separate analysis suggests 
that astrocytes do not significantly contribute to the dispersion estimates in 
dMRI. Beyond an evaluation of dispersion estimates from dMRI, this kind of 
data may serve as a useful tool to study the mapping between ground-truth 
microstructure and its representation by dMRI. In particular, a microscopy 
informed estimation of the fibre response function will be addressed in future 
work. 
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Abstract
The aim of this study was to test the hypothesis that white matter degeneration 
of the perforant path – as part of the Papez circuit – is a key feature of 
amyotrophic lateral sclerosis (ALS), even in the absence of frontotemporal 
dementia (FTD) or deposition of pTDP-43 inclusions in hippocampal granule 
cells. 
We used diffusion MRI (dMRI), polarized light imaging (PLI) and 
immunohistochemical analysis of post-mortem hippocampus specimens from 
controls (n=5) and ALS patients (n=14) to study white matter degeneration in 
the perforant path.
dMRI demonstrated a decrease in fractional anisotropy (p=0.01) and an 
increase in mean diffusivity (p=0.01) in the perforant path in ALS compared 
to controls. PLI-myelin density was lower in ALS (p=0.05) and correlated 
with fractional anisotropy (r=0.52, p=0.03). These results were confirmed 
by immunohistochemistry; both myelin (proteolipid protein, p=0.03) and 
neurofilaments (SMI-312, p=0.02) were lower in ALS. Two out of the fourteen 
ALS cases showed pTDP-43 pathology in the dentate gyrus, but with 
comparable myelination levels in the perforant path to other ALS cases. 
We conclude that degeneration of the perforant path occurs in ALS patients 
and that this may occur before, or independent of, pTDP-43 aggregation 
in the dentate gyrus of the hippocampus. Future research should focus on 
correlating the degree of cognitive decline to the amount of white matter 
atrophy in the perforant path.
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Introduction 
Amyotrophic lateral sclerosis (ALS) is a motor neuron disease that is primarily 
characterized by a loss of motor neurons in the brain and spinal cord causing 
dysfunction of voluntary movement. A significant proportion of ALS patients 
develop cognitive impairment in the form of frontotemporal dementia (FTD). 
It is estimated that up to ~13% of the patients with ALS meet the criteria for FTD, 
with an additional ~35% demonstrating some form of cognitive impairment 
(Phukan et al., 2012; Montuschi et al., 2015). In addition to the symptomatic 
overlap between ALS and FTD, pathological aggregation of phosphorylated 
43 kDa TAR DNA-binding protein (pTDP-43) (Arai et al., 2006; Neumann et 
al., 2006) is reported in almost all cases of ALS and in the largest subset 
of FTD (behavioural variant FTD: bvFTD) supporting the concept that ALS 
and FTD are part of the same pathological spectrum (Neumann et al., 2006; 
Brettschneider et al., 2014). 
A pathological staging system in ALS and bvFTD, based on the regional 
distribution of pTDP-43, highlights the involvement of several cortical 
regions that connect with each other via the Papez circuit in both diseases 
(Brettschneider et al., 2013, 2014; Tan et al., 2015). The Papez circuit (Fig. 
4.1) – comprised of the hippocampal formation, mammillary bodies, anterior 
thalamic nuclei and anterior cingulate – is a principal pathway of the limbic 
system associated with the formation and consolidation of episodic memory 
(Taddei-Ferretti C. Musio, 1997; Pessoa & Hof, 2015). Recent evidence 
recognises episodic memory deficits in bvFTD (Hornberger & Piguet, 
2012). These deficits are supported by in-vivo MRI volumetric analyses that 
demonstrate regional grey and white matter atrophy of the Papez circuit 
(Hornberger et al., 2012; Irish et al., 2013). Furthermore, volumetric analysis 
on post-mortem brains demonstrated reduced grey matter volume, while 
white matter connectivity was not investigated (Hornberger et al., 2012). 
Less is known about the involvement of the Papez circuitry in patients with 
ALS. Previous studies have demonstrated a relationship between pTDP-43 
pathology in ALS patients and their cognitive decline (Brettschneider et al., 
2013; Cykowski et al., 2017), suggesting a relation to limbic system impairment. 
Furthermore, an accumulating body of evidence supports involvement of 
the perforant pathway, the tract connecting the entorhinal cortex with the 
hippocampal formation as part of the Papez circuit, in late stages of ALS 
(Wightman et al., 1992; Kassubek et al., 2014). This is concomitant with the 
presence (not severity) of pTDP-43 accumulation and neuronal degeneration 
in the dentate gyrus area in pure ALS patients with memory impairment 
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(Takeda et al., 2007, 2009). Here, regions connected by the perforant 
path were affected; laminar spongiosis was found in the dentate gyrus and 
in two severe cases also in the subiculum, as was visualised with standard 
haematoxylin and eosin staining. The spongiosis in the dentate gyrus may be 
the result of degenerating axons (originating from the entorhinal cortex) that 
no longer terminate in the molecular layer of the dentate gyrus. However, 
white matter alterations were not directly investigated in this study.
Figure 4.1. Circuit of Papez with a schematic representation of the hippocampal formation. 
The perforant path (blue) starts in the entorhinal cortex and projects through the subiculum 
via the molecular layer of the hippocampus to the dentate gyrus and the CA3 region of the 
hippocampus (circled-cross indicates out of screen – i.e., anterior posterior – orientation). The 
alvear path (yellow) projects via the CA1 region into the hippocampus. CA, cornu ammonis; DG, 
dentate gyrus; EC, entorhinal cortex; PaS, parasubiculum; PreS, presubiculum; Sub, subiculum.
In recent years, advances in diffusion Magnetic Resonance Imaging (dMRI) have 
attracted researchers to study white matter tissue integrity non-invasively. 
dMRI infers tissue microstructure from the diffusion profile of water within 
tissue (Le Bihan, 2003). The diffusion profile is generally characterised using 
the metrics mean diffusivity (mean apparent diffusion across all directions), 
fractional anisotropy (the degree of diffusion directionality), and the principal 
diffusion direction. These metrics are sensitive to changes in nervous tissue 
(e.g., demyelination) following neurodegenerative disorders or traumatic brain 
injury (Assaf & Pasternak, 2008). As such, dMRI is currently a widely accepted 
imaging modality for studying patients with various neurodegenerative 
diseases (see Goveas et al. for an excellent overview (Goveas et al., 2015)). 
However, axon density, packing and myelination all alter the diffusion signal 
(Beaulieu, 2002), muddying the interpretation of dMRI signal changes. To truly 
identify the origin of dMRI signal changes, histological examination of tissue 
remains essential. Therefore, ex-vivo dMRI is rapidly evolving to study brain 
tissue post-mortem and facilitates subsequent comparison to microscopy 
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(Roebroeck et al., 2018). A further advantage is the use of high-field MRI 
systems and longer acquisition times, that offers imaging at much higher 
resolution with ex-vivo dMRI. With the estimation of fibre orientations at each 
voxel, dMRI tractography allows one to reconstruct white matter bundles. 
Application of in-vivo dMRI tractography to delineate the perforant path 
is challenging because of limited spatial resolution to capture its small size. 
The use of high-resolution ex-vivo dMRI previously showed to be suitable for 
reconstructing the perforant path in post-mortem hippocampus specimens 
(Augustinack et al., 2010). 
To assess the white matter alterations in the perforant path of patients with 
ALS, we propose to combine ex-vivo dMRI with subsequent analysis of the 
microstructural changes using immunohistochemistry (IHC) and polarized 
light imaging (PLI). PLI quantifies myelin density and the orientation of 
axons based on birefringence of the myelin sheath (Axer et al., 2011b). The 
comparison was made in post-mortem hippocampus specimens from ALS 
patients and healthy controls. We hypothesize that white matter degeneration 
of the perforant path – as part of the Papez circuit – in the hippocampus is a 
feature of ALS, even in the absence of fully developed FTD or deposition of 
pTDP-43 inclusions in hippocampal granule cells. These results may provide 
insight into the earliest neural substrate of FTD-like symptoms observed in 
ALS and contribute to the broader hypothesis that ALS and FTD may form 
part of a disease continuum.
Methods 
Tissue specimens
For this study, fourteen post-mortem ALS human brains were acquired from 
the Oxford Brain Bank, Nuffield Department of Clinical Neurosciences, 
University of Oxford, United Kingdom. Five age-matched post-mortem human 
control brains were acquired via the body donor program at the Department of 
Anatomy of the Radboud University Medical Center, Nijmegen, Netherlands. 
The brains were removed from the skull and fixed in 10% formalin. Details on 
the history of each specimen are listed in Table 1. All brains were cut in coronal 
slabs of 10 mm thickness and the hippocampi were sampled from a slab 
comprising the lateral geniculate nucleus as a key anatomical landmark. ALS 
classification was based on the neuropathological assessment of pTDP-43 
proteinopathy in gatekeeper regions previously defined by Tan et al (Tan et 
al., 2015). To assess whether the subjects also demonstrated signs of FTD 
pathology, we checked for pTDP-43 pathology in the dentate gyrus of the 
hippocampus specimens (Tan et al., 2015). Representative blocks of thirteen 
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other brain regions (Supplementary Table 1) were sampled and stained 
following standard brain bank protocol for diagnostic purposes (Montine et 
al., 2012). 
Table 4.1. . Post mortem specimen details from control and ALS brains. The pTDP-43 staging is 
based upon the staging scheme proposed by (Tan et al., 2015). DG, dentate gyrus; FT, fixation 
time; PMI, post-mortem interval; SD, standard deviation.
MRI acquisition
Prior to scanning, all specimens were drained of formalin and rehydrated 
in phosphate buffered saline (PBS) (0.1M, pH=7.4) for at least 24 hours to 
increase the T2-relaxation rates close to in-vivo levels. Formalin fixation is 
known to reduce T2-relaxation rates of tissue; thus lowering the MRI signal 
(Shepherd et al., 2009). Following rehydration, the specimens were placed in a 
100 mL syringe filled with fluorinert® (Solvay Solexis Inc), a proton-free liquid 
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which is susceptibility matched to brain tissue. All scans were performed at 
room temperature on a 11.7T Bruker BioSpec Avance III preclinical MR system 
(Bruker BioSpin, Ettlingen, Germany) using a birdcage coil (Bruker Biospin). 
Anatomical scans were acquired with a T1-weighted fast low angle shot 
gradient echo (FLASH) sequence at a resolution of 0.1x0.1x0.1 mm (TR=25 
ms, TE=3.4 ms, flip angle=10ᵒ). 
Diffusion weighted images were obtained using a spin-echo sequence with 
an EPI readout in four segments (TR=13.75 s, TE=30.1 ms, Δ=12.5 ms, δ=4.0 
ms). 64 gradient directions were acquired at b=4000 s/mm2, in addition to 6 
images with negligible diffusion weighting (b=14 s/mm2). The specimens were 
covered in the coronal plane of the scanner with a field-of-view of 28.8 x 28.8 
mm, 72 x 72 matrix, and slice thickness of 0.4 mm, yielding 0.4x0.4x0.4 mm 
resolution. The number of slices varied between 80 and 100 depending on 
the size of each specimen.   
 
MRI analysis
Processing of all MR images was performed with FSL (FMRIB’s Software 
Library) (Jenkinson et al., 2012). First, eddy current correction was performed 
using EDDY and each volume was aligned using a 3D affine transformation. 
A diffusion tensor was then estimated at each voxel in the dMRI data. Four 
different microstructural metrics were derived from this diffusion tensor 
fractional anisotropy (FA), mean diffusivity (MD), axial diffusivity (AD) and 
radial diffusivity (RD). These metrics are broadly known to be sensitive to 
tissue microstructure, but not to be highly specific to a single microstructural 
property. FA describes the diffusion directionality of water ranging from 
0 (no directionality of water diffusion, i.e. isotropic diffusion) to 1 (water 
diffusion along a single direction only). FA in white matter is generally high, 
but may be decreased in the presence of axonal/myelin degeneration. MD 
is a measure for the average diffusivity in a voxel and is inversely sensitive to 
necrosis, oedema and membrane permeability (Le Bihan et al., 2001). AD and 
RD disentangle the FA into diffusivity parallel and perpendicular to the fibre 
orientation, respectively. An increase in RD was previously shown to correlate 
with a reduction in myelin (Aung et al., 2013), but would also be expected to 
increase if fibre density decreases.
To delineate the perforant path in all the hippocampus specimens, we 
performed probabilistic tractography using the dMRI data. First, we estimated 
the fibre configuration in each voxel using the Bedpostx algorithm (Behrens 
et al., 2003). We fitted up to three fibre orientations within each voxel in 
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a data-driven way that only estimates additional fibres if their existence is 
statistically supported by the data. Probabilistic tractography was then 
performed using the probtrackx2 algorithm (Behrens et al., 2007). The 
subiculum and the dentate gyrus were manually segmented and served as 
seed and termination masks, respectively. The part of the perforant path 
that runs from the entorhinal cortex to the subiculum (Fig. 4.1) is located 
more posterior and was not included in our specimens. 5000 streamlines 
were generated for each seed-voxel, and only streamlines that entered the 
dentate gyrus were saved. The curvature threshold was set to 0.2, with a step 
length of 0.1 mm and a minimal fibre volume threshold of 0.01. The approach 
above produced probability maps of the spatial trajectory of the perforant 
path. An empirically defined threshold was set for the probability maps of 
each hippocampus separately to obtain a mask of the perforant path from 
which the microstructural metrics were extracted.
Finally, partial volume effects (i.e., the mixture of multiple tissue types within 
a voxel) can have a significant impact on the diffusion signal (Alexander et al., 
2001a). To measure partial volume effects in each specimen, two tissue types 
(i.e., grey and white matter) were segmented using FSL’s FAST algorithm. 
FAST then provided partial volume estimates for the tissue types in each voxel. 
Using the ROIs defined by tractography, partial voluming was extracted from 
the perforant path. 
Tissue processing
After dMRI, all nineteen hippocampus blocks were bisected along the coronal 
plane into two approximately equal parts. One part was processed for paraffin 
embedding for IHC analysis. The other part was frozen for polarized light 
imaging (PLI) after cryoprotection with 30% sucrose in PBS. Frozen sections 
are preferred for PLI as the lipids in the myelin sheath remain preserved. 
Polarized light imaging
Using PLI, we can estimate the orientation and density of myelinated fibres 
in thin tissue sections, due to the interaction of polarized light with myelin 
birefringence. The theory behind the polarimetric set-up is extensively 
described elsewhere (Larsen et al., 2007; Axer et al., 2011b). 
All frozen tissue blocks were sectioned at 50 µm thickness on a freezing 
microtome (Microm HM 440E Microtome). The sections were mounted on 
glass slides and coverslipped with polyvinylpyrrolidone mounting medium. PLI 
images were acquired on a Zeiss Axio Imager A2 microscope upgraded with 
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a stationary polarizer, a quarter wave plate and a rotating polarizer. Light first 
passes through the stationary polarizer and a quarter wave plate positioned 
in a 45ᵒ angle relative to the stationary polarizer to create circularly polarized 
light. The polarized light then passes through the hippocampal sections 
undergoing a phase shift caused by birefringence of myelin, and finally through 
the rotating polarizer. To quantify the phase shift, which reflects the in-plane 
orientation of fibres, images were acquired at 9 equiangular orientations of 
the rotating polarizer from 0° to 160° with a CCD camera (Axiocam, Zeiss). 
Together with a 1.0x magnifying objective, this yielded a spatial resolution 
of ~4 μm/pixel. A set of background images was acquired for every rotation 
angle to correct for inhomogeneous background illumination (Dammers et 
al., 2010). Three parameter maps were derived by fitting the light intensity at 
each pixel to a sinusoidal function (Jones, 1941). The phase of the sinusoid gave 
the in-plane orientation of myelinated fibres. The amplitude of the light wave 
provided the retardance map describing the myelin density. The retardance 
and in-plane orientation maps are combined in the fibre orientation map that 
colour codes the direction fibres with its intensity modulated by the myelin 
density. Finally, a transmittance map was calculated as the average amount of 
light passing through the tissue yielding grey and white matter contrast.
The retardance maps inform how much the phase of the light wave is shifted 
due to interaction with myelin and is therefore used to evaluate the amount 
of myelin within a section. A decrease in the retardance values may therefore 
be a marker of myelin loss. The perforant path was manually delineated 
using a composite of the PLI transmittance and retardance maps for each 
specimen separately. This was defined as the white matter originating from 
the subiculum and partly projecting through CA1, along and into the dentate 
gyrus (Fig. 4.3).
Immunohistochemistry
IHC staining of the hippocampus sections was carried out to identify disease 
specific changes in microstructure. Antibodies against several proteins were 
used; proteolipid protein (PLP) for myelin, SMI-312 for axonal phosphorylated 
neurofilaments, cluster of differentiation 68 (CD68) for activated microglia 
and lastly pTDP-43. Paraffin embedded tissue blocks were sectioned at 6 µm 
for the PLP, SMI-312 and CD68 stains. Sections stained for pTDP-43 were 
cut at 10 μm. The sections were then mounted on Superfrost Plus slides 
(ThermoFisher, Art. No. J1800BMNZ). The sections were deparaffinised in 
xylene and rehydrated through a series of 100%, 100%, 90% and 70% ethanol. 
The endogenous peroxidase was blocked by incubating the sections 3% H2O2 
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in PBS for 30 minutes. Subsequently, antigen binding sites for pTDP-43 and 
CD68 were retrieved by autoclaving in citrate buffer (pH=6). Antigen retrieval 
for PLP and SMI-312 was achieved through heating the sections submerged 
in citrate buffer (pH=6) in a microwave. After antigen retrieval the sections 
were washed with PBS. After washing, the primary antibody was added. All 
primary antibodies were diluted in TBS/T (pH=7.6). The primary antibodies 
against PLP (1:1000, Bio-Rad, MCA839G), CD68 (1:200, Dako Denmark, 
M0876) and SMI-312 (1:2000, BioLegend, 837901) were incubated for 1 hour 
at room temperature. The primary antibody against pTDP-43 (1:40 000, 
CosmoBio, TIP-PTD-M01) was incubated over night at 4°C. After washing, 
the secondary antibody containing HRP rabbit/mouse serum (DAKO EnVision 
Detection Systems) was added and incubated for 1 hour. A DAB substrate 
buffer solution was subsequently added (DAKO EnVision Detection Systems) 
and incubated for 5 minutes. Sections were washed with PBS to stop the 
reaction. Finally, a counterstain with haematoxylin was performed to visualise 
the nuclei. After counterstaining, the sections were washed, dehydrated and 
mounted with DPX. 
IHC sections were digitized on an Aperio ScanScope AT Turbo slidescanner 
employing a 20x magnifying objective (40x for the pTDP-43 sections). 
pTDP-43 sections were judged by two neuropathologists (OA and MPG) 
to determine any TDP-43 pathology in the dentate gyrus for FTD-TDP 
proteinopathy. The other stains (PLP, SMI-312 and CD68) were computationally 
segmented in Matlab (MathWorks Inc., Natick, USA) making use of colour 
contrast between the DAB stain and the haematoxylin counterstain. Following 
common practice in IHC analysis, the area fraction of the IHC stains was 
used to quantify the protein of interest.  To achieve this, the images were 
first transformed to HSV colour-space. A colour range for the brown DAB 
staining was interactively determined in the hue-channel (H) using Matlab’s 
colour-segmentation application. Furthermore, an intensity threshold was 
applied in the saturation-channel (S). The colour and intensity threshold 
were used together to isolate the brown DAB-staining from the background. 
However, to account for varying staining intensity across specimens, the 
intensity thresholds were determined for each specimen separately. The 
intensity threshold was automatically determined by measuring the average 
intensity in the saturation-channel from a region within the collateral white 
matter in each specimen. Non-tissue pixels were likewise identified as bright 
white pixels that were not labelled DAB-staining, nor the haematoxylin 
counterstain. Finally, a stained area fraction was calculated as the ratio of 
DAB positive pixels over all tissue-pixels within a local neighbourhood of 
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100x100 pixels. The perforant path area was manually drawn in all slices 
separately. Following a similar strategy as with PLI, these regions-of-interest 
were defined as the white matter originating from the subiculum and partly 
projecting through CA1, along and into the dentate gyrus.
Statistics
All statistical analyses were carried out in Matlab. We constructed a general 
linear model (GLM) that tested for group differences (similar to a student’s 
t-test) among the dMRI microstructural metrics (FA, MD, RD and AD). To 
assess whether microstructural differences were driven by partial volume 
effects, the GLM included the tissue partial voluming estimates from the 
FAST algorithm as a covariate. Between the groups there was a significant 
difference in fixation time (p=0.003). Since it is known that fixation time and 
post-mortem interval can cause a reduction in FA and diffusivity (D’Arceuil & 
de Crespigny, 2007; Sun et al., 2009), a normalization step was performed 
before calculating the t-statistics. The normalisation was done by dividing the 
found dMRI metrics in the perforant path by a reference value for each of 
these metrics in a control region – collateral white matter – within the same 
sample. 
A one-tailed student’s t-test was applied to evaluate PLI retardance values 
in the perforant path. To assess whether changes in diffusion tensor metrics 
were driven by myelination, a Pearson correlation (two-tailed) was performed 
between both FA and MD, and PLI retardance. Finally, one-tailed t-test was 
again used quantify differences in IHC staining between ALS and controls. 
PLP myelin estimates were correlated against SMI-312 neurofilaments, PLI 
retardance and dMRI FA (Pearson, two-tailed). 
With ALS and FTD forming a disease spectrum, the heterogeneity of metrics 
within the disease group is expected to be large. As such, the correlation 
analyses may unravel relationships that extend across all subjects; for example, 
between dMRI and myelin integrity.
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Results
Diffusion MRI
Diffusion MRI was acquired from all subjects, but one ALS case was excluded 
from further analysis due to insufficient contrast and noisy images. The 
perforant pathway was reconstructed for all other hippocampus specimens 
from the dMRI data by employing probabilistic tractography. The probability 
maps of the perforant path from two control and two ALS cases are depicted 
as illustrative examples in Figure 4.2A. Tracts are shown from the subiculum 
to the dentate gyrus; the part from entorhinal cortex to subiculum was not 
included in the hippocampus specimens. An arbitrary probability threshold 
was applied for each specimen separately to create the maps. These regions 
defined by the probability maps were used to extract the diffusion tensor 
metrics and to get an impression of white matter degeneration along the 
perforant paths in ALS cases and controls (see Fig. 4.2B). 
Within the perforant path, the FA values were significantly lower in ALS 
specimens compared to controls (p=0.013). A reduced FA is caused by 
water diffusing more isotropic (less directional) and possibly indicates 
myelin degeneration or an increase in interstitial spaces. This hypothesis is 
further strengthened by the increase that was found in MD in ALS specimens 
compared to controls (p=0.015). In addition, both AD (p=0.026) and RD 
(p=0.026) values were significantly higher in ALS cases compared to controls. 
An increase in RD might be caused by an increasing amount of diffusion along 
the radial diffusion direction, again consistent with loss or atrophy of fibres. 
The model including partial volume effects did not identify a significant effect 
of partial volume (0.07<p<0.45); moreover, inclusion of partial volume as a 
confound regressor did not change the pattern of a significant difference 
between groups reported in Fig. 4.2.
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Figure 4.2. Perforant path microstructure estimated from dMRI data. A) Tractography in the 
perforant pathway running from the subiculum to the dentate gyrus for two controls and two 
ALS cases. These tracts were used for extracting the MD, RD, AD and FA values within the 
perforant path. Tracts are superimposed on the T1-weighted anatomical scan. B) The FA value 
in the part of the perforant path that runs from the subiculum to the dentate gyrus is lower in 
ALS cases compared to controls (p=0.013). The MD value is significantly higher in the perforant 
path in the ALS specimen compared to controls (p=0.015) as well as the AD (p=0.026) and the 
RD (p=0.026). All p-values given for a one-tailed t-test. The boxplot centre lines depicts the 
median for each metric; box limits, the 25th and 75th percentiles of the metrics; the whiskers 
extend to the most extreme data points excluding outliers; raw data points are given by the 
black dots.
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Figure 4.3. Polarized light imaging data from a control case. The transmittance map reflects 
the amount of light passing through the tissue. The retardance map shows the degree to which 
the light is shifted due to interaction with the myelin. The fibre orientation map colour-codes 
the directionality of the myelinated fibres indicated by the colour wheel. This map is formed by 
combining the retardance and in-plane map. The anatomical regions within the hippocampus 
are delineated and the approximate direction of the perforant path is indicated with the 
yellow arrows. Circled cross represents anterior-posterior direction of the perforant path. The 
maps are a composite of multiple field-of-views. CA, cornu ammonis; DG, dentate gyrus; EC, 
entorhinal cortex; PreSub, pre-subiculum and Sub, subiculum. Scale-bar = 3 mm.
Polarized light imaging
Figure 4.3 depicts an example of the transmittance, retardance and fibre 
orientation maps from a control sample. White matter is easily recognized 
in the retardance maps, appearing bright due to birefringence in the myelin 
sheath. Several sub-areas of the hippocampal formation are delineated in the 
fibre orientation map, including the approximate trajectory of the perforant 
path. 
PLI retardance maps were used as a semi-quantitative measure of myelin 
density. Example retardance maps from a control case and an ALS case are 
shown in Figure 4.4, demonstrating lower retardance values in the perforant 
path area for the ALS case. Across all samples the retardance values appeared 
to be lower in the perforant paths in ALS (p=0.05). The correlation analysis 
revealed a significant association between FA and retardance (r=0.52, 
p=0.04). This may indicate that reduced FA is driven by loss of myelinated 
axons in the perforant path. No significant correlation was found between 
retardance and MD (r=0.34, p=0.48). 
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Figure 4.4. PLI retardance – reflecting myelin density – in the perforant path. The upper 
part of the figure depicts two exemplar retardance maps from a control – and an ALS case. 
Here, the red arrows indicate the approximate location of the perforant path. Retardance 
was significantly lower in ALS patients compared to controls. Furthermore, the changes in FA 
were possibly driven by myelin density, supported by significant correlation between FA and 
retardance were significantly correlated across all subjects. A correlation between MD and 
retardance was not found. See caption Figure 4.2 for boxplot description. Scale-bar = 3 mm.
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Immunohistochemistry
IHC was successfully carried out in all hippocampus specimens. Two out of 
the fourteen ALS cases demonstrated FTD-pTDP-43 proteinopathy in the 
dentate gyrus (Fig. 4.5). The automatic segmentation of the myelin (PLP), 
neurofilaments (SMI-312) and activated microglia (CD68) images was 
deemed suitable for semi-quantification of these IHC markers (Fig. 4.6). 
Following up on the white matter alterations reported with dMRI and PLI, 
levels of myelin and neurofilaments were compared between controls and 
ALS patients. Less myelin was found in the perforant path of ALS patients 
(p=0.03). Also, the stained area fraction of neurofilaments was lower in ALS 
(p=0.02). No changes were observed in the amount of CD68 in both groups 
(Fig. 4.7). To see if reduced levels of PLI retardance and dMRI FA were driven 
by lowered levels of myelin, a correlation analysis across all specimens was 
performed. Neurofilament area fractions were lower in subjects with reduced 
myelin area fraction (r=0.71, p=0.001). Additionally, a positive correlation 
was found between IHC myelin and (1): PLI retardance (r=0.51, p=0.03) and 
(2): dMRI FA (r=0.52, p=0.03). The two ALS-FTD cases expressed lowered 
levels of myelin in comparison to all other ALS cases, but these were not 
significantly different (Fig. 4.7). CD68 area fractions in ALS-FTD were also 
similar compared to other ALS cases.
Figure 4.5. pTDP-43 pathology in the granule cell layer (gcl) of the dentate gyrus. Cases were 
stratified by absence (A) or presence (B) of pTDP-43 inclusions (coloured brown) in the granule 
cells of the dentate gyrus. Blue nuclei. Scale-bar = 50 μm.
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Figure 4.6. Histological data processing. The left column shows stained sections with a 
snapshot for myelin (PLP), neurofilaments (SMI-312), and activated microglia (CD68). The 
middle column depicts the segmentation of the images in the left column. A colour-based 
segmentation was applied to separate DAB-stain positive pixels (red) from the background 
tissue (black) and non-tissue pixels (white). After processing, the stained area fraction was 
calculated per 100x100 pixels resulting in a down-sampled image reflecting the stained area 
fraction over the entire slice (right column). Scale-bar = 30 μm.
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Figure 4.7. Immunohistochemistry in ALS and controls. The stained area fraction of myelin (PLP) 
and neurofilaments (SMI-312) was significantly lower in the perforant paths of ALS patients 
compared to controls. The area fractions of activated microglia (visualised with CD68; marker 
for inflammation) was similar in both groups. Two out of the fourteen ALS cases exhibited 
pTDP-43 pathology within the dentate gyrus, used for neuropathological characterisation of 
FTD. Furthermore, myelin area fractions from the IHC stains correlated with myelin density 
estimated from the PLI retardance maps and also with FA derived from dMRI. The two ALS-FTD 
cases had lowered myelin density estimates, but no difference was observed compared to pure 
ALS cases. See caption Figure 4.2 for boxplot description.
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Discussion 
ALS is mostly known as a motor neuron disease; the corticospinal tract and 
the corpus callosum are frequent targets for studies investigating white 
matter alterations in ALS (Horsfield & Jones, 2002; Filippini et al., 2010; Cirillo 
et al., 2012; Lillo et al., 2012). However, ALS is increasingly recognized as a 
multisystem neurodegenerative disorder, that may be associated with clinical 
bvFTD. As such, white matter alterations were studied in the perforant path, 
a component of the Papez circuit, as evidence for ALS being multi-system 
disorder (Phukan et al., 2007). 
Using diffusion MRI, we demonstrated a reduction in fractional anisotropy 
(FA) and an increase in diffusivity markers (MD, AD and RD) in the perforant 
path in ALS (Fig. 4.2), all suggesting white matter degeneration (Bozzali et al., 
2002; Soares et al., 2013). However, in the presence of demyelination and 
white matter loss, AD has also been reported to remain unaffected (Song et 
al., 2002; Klawiter et al., 2011). Possibly, an increase in AD is observed due to 
enlargement of the extracellular space as a result of axonal degeneration. 
While the dMRI results suggest that white matter in the perforant path is 
damaged in ALS cases, changes in the dMRI metrics can also be driven by 
several other factors. dMRI microstructure estimates are inferred from local 
diffusion of water in tissue and are therefore indirect measures of the white 
matter geometry. Rather than an altered microstructural signature due to 
disease, it is possible that some changes are driven by variations in anatomy 
across subjects. Furthermore, death, tissue fixation and post-mortem 
interval all affect the microstructural metrics estimated here. For instance, 
a significant difference was observed in fixation times between the control 
and ALS group (p=0.003), which is known to decrease diffusivity in tissue 
(D’Arceuil & de Crespigny, 2007; Schmierer et al., 2007, 2008; Sun et al., 
2009). We accounted for these fixation time differences by normalizing the 
dMRI measures with a control region in collateral white matter. 
Partial volume effects (PVE) – reflecting intravoxel heterogeneity of tissue 
types – can also be a significant confounding factor in age or disease related 
dMRI analyses (Vos et al., 2011). For ex-vivo dMRI we expected this to be less 
an issue, because the spatial resolution is high (0.4 mm isotropic). Indeed, 
after estimating PVE in the perforant path and including it in our modelling to 
evaluate microstructural group differences, PVE had no significant effect on 
the outcomes (Fig. 4.2). 
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Finally, as dMRI measures are affected by death and fixation, one ideally would 
perform in-vivo dMRI of the perforant path in control and disease groups. 
Using current clinical MR systems – typically having field strengths of 1.5-3T 
– this remains challenging; with limited scan times (< 1 hour) for patients, 
obtaining sufficient resolution to image small structures such as the perforant 
path is currently infeasible with dMRI. The use of ex-vivo tissue allowed us to 
employ long scan times (3-4 hours) and an ultra-high field MRI scanner (11.7T) 
resulting in very high resolution dMRI. Nevertheless, promising progress in this 
area is currently made by obtaining in-vivo dMRI with whole-brain coverage 
at sub-millimetre resolution (Setsompop et al., 2018).
Polarized light imaging is a relatively novel imaging modality and to date 
primarily applied to study neuroanatomy (Axer et al., 2011a; Henssen et al., 
2018), interpret dMRI fibre orientations in grey matter (Leuze et al., 2014) 
or evaluate dMRI derived fibre dispersion (Mollink et al., 2017). In particular, 
hippocampal fibre systems have been visualised with PLI previously (Zeineh et 
al., 2016), demonstrating excellent use of the technique to study connectivity 
at mesoscopic scale. However, its application to study white matter 
degeneration is, to our knowledge, new and its results should therefore 
be interpreted with care. We found a decrease in retardance values in the 
perforant paths of ALS specimens (Fig. 4.4). Retardance reflects myelination 
and thus a reduction could indicate loss of myelinated axons. However, PLI 
retardance is not exclusively sensitive to birefringence of the myelin sheath; 
it also decreases with an increasing fibre inclination (out-of-section) angle. 
Yet, the hippocampal specimens in this study were carefully sectioned in the 
same orientation keeping variations in fibre inclination angles in the perforant 
to a minimum. Therefore, we can ascribe differences in retardance primarily 
to birefringence and thus myelination.
While the dMRI and PLI outcomes suggested white matter degeneration in 
the perforant path of the ALS specimens, the gold standard remains IHC in 
these types of analyses. The stained area fractions of both myelin and the 
neurofilaments were lower in ALS compared to controls (Fig. 4.7). PLP is one 
of the most abundant myelin proteins in the central nervous system (Brady & 
Siegel, 2012) and demyelination would result in a reduction of PLP estimates 
(Geurts et al., 2007). Loss of neurofilaments indicates neuroaxonal damage 
and its breakdown product in the blood or cerebrospinal fluid is a suitable 
biomarker for various acute and chronic neurological disorders (Khalil et al., 
2018). A loss of neurofilaments was correlated with reduced myelin density 
in the perforant path. Also, it is likely that the changes observed in dMRI 
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(lowered FA) and PLI (reduced retardance) are driven by the white matter 
degeneration of the perforant path; a positive correlation was found between 
IHC myelin and both dMRI metrics (Fig. 4.7). 
In the hippocampus, or in the granule cell layer of the dentate gyrus in 
particular, pTDP-43 pathology is present in late stage of ALS and early stages 
of FTD (Tan et al., 2015). Although the two ALS-FTD cases were on the lower 
spectrum of myelination levels within the ALS group, no evidence was found 
for extreme white matter degeneration as a result of pTDP-43 pathology in 
the dentate gyrus. Nevertheless, the fact that white matter degeneration was 
present in almost all ALS, may suggest that loss of myelin or neurofilaments 
is present before the onset of pTDP-43 pathology in the hippocampus or 
entorhinal cortex.
IHC analysis showed no differences in the amount of activated microglia – a 
measure of neuroinflammation – in ALS cases compared to controls. This is 
somewhat surprising as white matter degeneration is associated with increased 
microglial activation (Neumann et al., 2009). Indeed, motor connectivity in 
the corpus callosum and the corticospinal tract previously showed enhanced 
levels of microglial activation in ALS (Henkel et al., 2004; Sugiyama et al., 
2013). However, inflammation is a complex system in the brain and there are 
variety of processes that may drive neuroinflammatory responses (DiSabato 
et al., 2016). A marker such as IBA-1 (ionized calcium-binding adapter molecule 
1) is also frequently applied to estimate neuroinflammation in tissue and may 
have produced different outcomes (Hendrickx et al., 2017).
Thus far, only a segment of the perforant path as being part of the Papez 
circuit was investigated. Future research should also include imaging of the 
other Papez circuit regions to get a better understanding of the disease’s 
progression in areas such as the anterior cingulate cortex, fornix, mammillary 
bodies and the anterior thalamus. Our data would benefit from the inclusion 
of quantitative cognitive assessment scores for each patient. However, we 
postulate that neuropathological staging of pTDP-43 pathology can be used 
as a surrogate marker for the likelihood of progression towards FTD for each 
case. The current study supports evidence that the perforant path undergoes 
degeneration, a feature that substantiates evidence for the cognitive deficits 
observed in some ALS patients. Some more insight might be gained from 
the relationship between perforant path degeneration and clinically observed 
cognitive decline.
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Conclusion 
This work investigated white matter changes in the perforant path in ALS 
patients using dMRI, PLI and IHC analyses as a possible marker for FTD 
development. A reduction in the FA and an increase in the MD, AD and 
RD observed in all ALS cases relative to controls, implicating white matter 
degeneration of the perforant path. This observation was supported by a 
decrease in the PLI retardance values measuring myelin density in the perforant 
path. IHC confirmed the results from dMRI and PLI by reporting increases in 
myelin and neurofilaments. We conclude that degeneration of the perforant 
path occurs in ALS patients and that this may occur before, or independent of, 
pTDP-43 aggregation in the dentate gyrus of the hippocampus. This provides 
further evidence of ALS being a multisystem disease, and involvement of 
the perforant path supports a link between ALS and FTD. Finally, our results 
warrant future investigations of the perforant path as a candidate neural MRI 
correlate of the cognitive symptoms in ALS.  
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The spatial correspondence and genetic influence 
of inter-hemispheric connectivity with white matter 
microstructure
Nature Neuroscience, 2019
J. Mollink, S.M. Smith, L.T. Elliott, M. Kleinnijenhuis, M. Hiemstra, F. Alfaro-Almagro, 
J. Marchini, A.M. van Cappellen van Walsum, S. Jbabdi, K.L. Miller.
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Abstract
Microscopic features (i.e., microstructure) of axons affect neural circuit activity 
through characteristics such as conduction speed. To what extent axonal 
microstructure in white matter relates to functional connectivity (synchrony) 
between brain regions is largely unknown. Using magnetic resonance imaging 
data in 11,354 subjects, we constructed multi-variate models that predict 
functional connectivity of pairs of brain regions from the microstructural 
signature of white matter pathways that connect them. Microstructure-
derived models provide predictions of functional connectivity that explained 
3.5% of cross-subject variance on average (ranging from 1-13%, or r=0.1-0.36) 
and reached statistical significance in 90% of the brain regions considered. 
The microstructure-function relationships were associated to genetic 
variants, co-located with genes DAAM1 and LPAR1, that have previously been 
linked to neural development. Our results demonstrate that variation in white 
matter microstructure predicts a fraction of functional connectivity across 
individuals, and that this relationship is underpinned by genetic variability in 
some brain areas.
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Introduction
Communication between brain regions is achieved by axons grouped in white 
matter pathways. Properties of these structural connections are highly relevant 
to brain function, often described as functional connectivity. However, it is 
not simply the presence of a connection, but also the microscopic tissue 
architecture (i.e., microstructure) of white matter that influences brain 
function. For example, axonal diameter, myelination and length all affect the 
precise timing of neural signals, which is crucial to synchronizing network 
dynamics (Buzsáki, 2006). 
Much of our knowledge about structural connectivity in the brain comes from 
animals (Kötter & Sommer, 2000), human lesions (Rorden & Karnath, 2004), 
and post-mortem human dissections (Schmahmann & Pandya, 2006). These 
approaches have relatively high biological specificity and interpretability but 
are limited in their ability to characterize inter-individual differences. More 
recently, diffusion MRI (dMRI) has emerged as a powerful in vivo tool for 
studying the brain’s structural connections (Basser et al., 2000). Although 
limited in spatial resolution (Jbabdi & Johansen-Berg, 2011), dMRI has the 
unique ability to estimate the trajectories of white matter bundles (i.e., 
tractography) as well as some microstructural properties of these bundles, 
through models linking the within-voxel dMRI signal to tissue architecture. 
An important benefit of dMRI is that it enables us to characterize inter-
individual differences, even in large cohorts (e.g., UK Biobank (Miller et al., 
2016)). dMRI thus has the potential to relate individual variations in white 
matter microstructure to differences in brain function, which can also be 
characterized with MRI. 
Diffusion and functional MRI have been used to investigate structure – function 
relationships, relating the anatomy of a white matter tract to the functional 
coupling between the regions it connects (Koch et al., 2002; Hagmann et al., 
2008; Greicius et al., 2009; van den Heuvel et al., 2009). Importantly, these 
studies relate the macroscopic organization of the network to brain function 
but did not aim to establish whether the microstructural properties of a white 
matter tract relate to the functional communication it establishes between 
brain areas. 
A few studies have demonstrated the potential for dMRI to establish 
relationships between microstructure and function. For instance, the 
commonly-used metric fractional anisotropy (FA) is a measure of diffusion 
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directionality that is biologically non-specific, being sensitive to many 
properties including axon density, size and myelination (Beaulieu, 2002). 
Mean FA in a given white matter tract has been demonstrated to correlate 
with strength of functional connectivity (Wahl et al., 2007; van den Heuvel et 
al., 2008). However, these studies focus on the tract connecting a single pair 
of regions and summarise a tract’s microstructure with a single quantity (e.g. 
FA averaged over the entire tract). 
In this work, we address whether functional connectivity between brain 
regions is mediated by microstructure of white matter pathways that connect 
them. We hypothesize that a data-driven model based on dMRI metrics 
can predict cross-subject variation in functional connectivity, and more 
specifically that this is a general principle that holds across many brain regions 
and the pathways connecting them. Unlike previous literature, we generate 
models that capture rich spatial representation of a tract’s microstructural 
profile (i.e., a microstructural signature). In addition to diffusion tensor based 
metrics, we incorporated estimates from a more sophisticated biophysical 
model that aims to provide greater biological specificity (Zhang et al., 2012). 
We consider interhemispheric connectivity between pairs of homotopic 
regions (i.e. jmollink, the homologous region in the two cerebral hemispheres) 
that are connected by commissural white matter axons that run through the 
corpus callosum. We build a set of regression models to relate the tract’s 
microstructural profile to functional connectivity for a large number of paired 
homotopic regions. 
The models described above linking white matter microstructure to 
functional connectivity were trained (n=7481) and replicated (n=3873) on 
data from the UK Biobank (Miller et al., 2016). We show that these models can 
predict up to 13% of the cross-subject variance in functional connectivity, and 
demonstrate that the microstructure-function link exists for a large number 
of brain regions and is highly reproducible. We additionally performed 
genome-wide association studies (GWASs) to identify single-nucleotide 
polymorphisms (SNPs) that are significantly associated with functionally 
relevant microstructure in the brain (Elliott et al., 2018). The identified SNPs 
are co-located with genes that have been reported to play an important role 
in axonal guidance and cortical development.
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Results
In our primary analysis, we tested for microstructure-function relationships 
between homotopic brain regions and the callosal pathways connecting them 
using dMRI and resting-state functional MRI (fMRI) data from subjects in the 
UK Biobank project (Miller et al., 2016). All subjects were selected based upon 
usable resting-state fMRI and dMRI data, in addition to genetic inclusion 
criteria (see Methods section). The activity of homotopic region pairs is often 
synchronized, with high functional connectivity (Stark et al., 2008; Shen et 
al., 2015). These pairs are primarily connected through the corpus callosum, 
the largest commissural pathway in the brain, which is well defined at typical 
imaging resolutions employed with dMRI. 
Functional connectivity
We previously conducted a group-average decomposition of resting-state 
fMRI data using independent component analysis (ICA), which yielded 55 
components corresponding to resting-state networks (Miller et al., 2016; 
Alfaro-Almagro et al., 2018). For the work here, more finely-grained functional 
“nodes” were then generated from these components by first splitting each 
component into its constituent parts for right and left hemispheres, and 
further splitting if a component still contained non-contiguous brain areas. 
Homologous regions for the two hemispheres were then identified as nodes 
with strong similarity, producing 81 homotopic pairs (see Fig. 5.1A). Functional 
connectivity was estimated at the single-subject level by partial correlation 
of the average BOLD signal time-series (equivalent to regressing out the 
time-series from all other regions prior to calculating pairwise correlations). 
This gives a connectivity matrix for each subject, which is summarized in 
Fig. 5.1B as the mean partial correlation across all subjects. Entries in this 
matrix are ordered first by hemisphere and then by region number, such 
that inter-hemispheric connections are given in the upper-right and lower-
left quadrants. Homotopic connections, shown on the diagonals of these 
quadrants, were found to express on average the strongest connections in 
the brain, larger than intra-hemispheric or heterotopic inter-hemispheric 
connections (see Fig 5.1C), in agreement with previous studies (Stark et al., 
2008; Shen et al., 2015). 
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Figure 5.1. Definition of homotopic brain regions and dMRI derived microstructural maps. 
A) Functional “nodes” were defined by applying independent component analysis to the 
resting-state fMRI data, splitting between the hemispheres, and isolating contiguous regions. 
These were then matched between hemispheres into 81 homotopic pairs, most automatically 
identified from the same independent component but 10 manually identified from different 
components. B) Connectivity between homotopic pairs was estimated by partial correlation of 
the average time-series of each node as shown in the connectome (matrix entries are sorted 
first by hemisphere and then by node number). C) Strength (partial correlation) of different 
functional connections in the brain, sorted by type. The centre line depicts the median 
correlation coefficient for a specific type of connection; box limits, the 25th and 75th percentiles 
of the correlation coefficients; the whiskers extend to the most extreme data points excluding 
outliers (marked with a + symbol). Group-average estimates from n = 11,354 subjects, for n = 
3240 connections. D) Group-averaged (n = 11,354) microstructure maps derived from the 
dMRI data. 
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White matter microstructural signature
A range of microstructural features was derived from the dMRI data for 
the white matter pathway connecting each pair of homotopic grey matter 
regions. The diffusion tensor model describes the 3D water displacement 
profile at each voxel using an ellipsoid (Basser et al., 1994a). We extracted 
estimates of fractional anisotropy (FA), mean diffusivity (MD) and anisotropy 
mode (MO) (Ennis & Kindlmann, 2006) from this tensor fit. Neurite 
Orientation Dispersion and Density Imaging (NODDI) (Zhang et al., 2012) is 
a more biologically motivated model that aims to decompose the diffusion 
signal into an intra-cellular volume fraction (ICVF) and an isotropic volume 
fraction (ISOVF), the latter representing interstitial and cerebrospinal fluids. 
In addition, NODDI estimates an Orientation Dispersion (OD) index that 
quantifies the spread of fibres within the intra-cellular compartment. These 
dMRI-derived metrics represent an average across thousands of cellular 
components within each imaging voxel (2x2x2 mm3). Fig. 5.1D depicts a brain 
map of each microstructural metric averaged across all subjects. The white 
matter pathway that connects a given homotopic region pair was identified 
using probabilistic tractography (Behrens et al., 2007) performed on the 
dMRI data between the regions. 
Predicting functional connectivity with microstructure
We performed a multiple regression analysis to test whether the microstructural 
features could predict cross-subject patterns of functional connectivity in 
the main cohort of 7,481 subjects. For a given homotopic pair of regions, 
the functional connectivity for all subjects was represented as a vector 
(Nsubjects x 1). To model the spatial patterns of white matter microstructure 
in a given tract, we begin by constructing a matrix that contains the dMRI-
derived metric of interest for every subject (i.e., a Nsubjects x Nvoxels matrix). The 
included voxels are restricted to the centre of the tract of interest using a 
standard “skeletonization” procedure (Smith et al., 2006). Because these 
microstructure matrices are too large to robustly perform a direct regression 
(Nvoxels = 5750±4000), we use principal component analysis to reduce the 
matrix dimensionality. The top 30 principal components (see Supplementary 
Fig. 5.1) were extracted to serve as a set of regressors, resulting in an Nsubjects x 
30 regression matrix (see Fig. 5.2 for an overview). Seven linear models were 
created for each homotopic pair: one for each of the dMRI-derived metrics 
(FA, MD, MO, OD, ISOVF, ICVF) and a multimodal approach combining all 
these microstructural metrics in a single matrix. For the multi-modal analysis, 
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the microstructural matrix for each metric was first normalized by its first 
singular value, and these normalized matrices were concatenated to form a 
single multimodal matrix (of size Nsubjects x 6Nvoxels) that was again reduced to 
include only the top 30 principal components.
Figure 5.2. Prediction of functional homotopic connectivity from white matter microstructure. 
Between a pair of functionally defined homotopic areas (shown in orange in the brain), 
probabilistic tractography was performed to delineate the neuronal tract (shown in blue). The 
white matter skeleton voxels within a tract were stored as rows in a matrix for each subject. To 
extract the highest cross-subject variance among the TBSS voxels for a given microstructure 
metric, we performed a dimensionality reduction on this matrix using a principal components 
analysis. The top principal components (n = 30) were fed into a linear regression model as 
explanatory variables for the functional connectivity between a homotopic pair. 
We first test the hypothesis that dMRI-based microstructure can be used to 
predict cross-subject variation in functional connectivity consistently across 
many brain regions. We assessed the statistical significance of each model 
using permutation testing, performed independently across the homotopic 
pairs and models, and then corrected for multiple comparisons (see Methods 
section). The significance (p<0.05, corrected) is indicated per microstructural 
metric in Fig. 5.3, and in more detail in Supplementary Fig. 5.2 as Manhattan 
plots of corrected p-values (family wise error). The overall regression model 
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was able to predict a statistically significant amount of cross-subject variance 
in 72-90% of the homotopic brain regions (depending on the dMRI metric). 
The multi-modal microstructure model combining the six dMRI metrics 
provided a prediction of functional connectivity for the largest number 
of regions (72, representing 90% of the total brain areas considered). This 
result is not trivially guaranteed given that this model had the same number 
of regressors (30) as the other models. These results suggest a general 
relationship between microstructure and functional connectivity. We can 
further consider individual regressors (i.e., specific principal components). The 
statistically significant regressors generally correspond to the top principal 
components (left-most columns in Fig. 5.3). This indicates that the highest 
cross-subject modes of microstructural variation also explain the most cross-
subject variation in functional connectivity. As the regressors reflect the 
primary modes of variation in the dMRI data but are used to model the fMRI 
data, this property is not trivially guaranteed. For some regions, no significant 
associations were found between homotopic functional connectivity and a 
given microstructure metric. The multi-modal microstructure model again 
resulted in the largest number of significant regressors. 
Having established that a microstructure-function link exists in most brain 
regions, we now consider the apparent strength of this relationship. Effect 
sizes of the regression models were evaluated in terms of percentage variance 
explained (equivalent to r2) in functional connectivity by the microstructural 
metrics. The average variance explained across all significant model fits 
was 3.5% (r = 0.19) for the multi-modal model that combines all dMRI 
microstructure metrics. Substantial variation in variance explained was found 
across the different brain regions investigated (Fig. 5.4). In the multimodal 
regression, variance explained was lowest for the middle temporal gyrus (1.1%, 
r = 0.09) and largest in the posterior cingulate cortex (12.7%, r = 0.36). These 
effect sizes are mapped back to the 81 homotopic region pairs to visualize how 
strongly functional connectivity is explained by the underlying microstructure 
across the cortex (Fig. 5.5A). In addition, Z-scores were computed to 
summarize the overall model fits. The multi-modal microstructure regression 
model yielded on average a higher score than the regressions with any single 
microstructural metric (Z = 12.0 Fig. 5.4), suggesting that the different 
microstructural metrics explain different variance in functional connectivity. 
The model incorporating FA shows the highest average Z-score of all individual 
metrics (Z = 10.5), although the different metrics perform overall fairly similar 
(Fig. 5.4). A list of all brain areas investigated with their corresponding effect 
sizes for the multimodal microstructure model is given in Supplementary 
Table 5.1.
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Figure 5.3. Significant associations between functional connectivity and microstructure of 
the connecting white matter tract. Each row in the matrices represents a homotopic region 
pair with each entry a regressor (on the microstructural principal components) of the linear 
model. Significance of the regressors is color-coded. The graphs depict the number of regions 
for which a particular rank order principal component yielded a significant regressor (so for 
example, in the multimodal models, the first principle component was significant for 28 brain 
regions). The percentage of homotopic region pairs demonstrating at least one significant 
regressor is given in the label of each matrix. Statistical significance was determined using 
permutation testing (two-sided, n = 100,000 permutations, Puncorrected < 2.9 x10
-6, Pcorrected < 
0.05, corrected for multiple comparisons).
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Figure 5.4. Percentage variance explained (r2) in the functional connectivity of each homotopic 
region pair by the microstructural metrics derived from the connecting white matter tract in 
the training cohort (n = 7481 subjects). The box-and-whisker plots on the bottom right depicts 
the model performance of each metric in terms of an F-to-Z transformed score. The centre 
line depicts the median Z-scores across the homotopic region pairs; box limits, the 25th 
and 75th percentiles of the Z-scores; the whiskers extend to the most extreme data points 
excluding outliers (marked with a + symbol).
Tensor-based features (FA and MD in particular) have been shown to provide 
sensitive indicators of changes to tissue microstructure in a broad range of 
contexts. However, these measures can be influenced by multiple aspects 
of tissue microstructure (Beaulieu, 2002), making interpretation difficult. We 
tested whether functional connectivity relates to a microstructure feature with 
greater biological specificity. We build on our previous work demonstrating 
quantitative agreement of OD estimates derived from dMRI data and with 
myelin stains in the same post-mortem human brain tissue (Mollink et al., 2017). 
The callosal OD profile correlated well between the ex-vivo imaging data 
(both MRI and microscopy) and the in-vivo dMRI NODDI analyses presented 
above, with both methods indicating high dispersion on the midline and lower 
dispersion in the lateral aspects of the callosum (Supplementary Fig. 5.3C). 
Furthermore, OD estimates at the midline of the corpus callosum was able 
to explain significant variance in interhemispheric functional connectivity 
(Supplementary Fig. 5.3). While the explained variance, 0.21% on average, was 
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much less than with the spatially-extended microstructure models presented 
above, the validation against histology demonstrates biological specificity of 
this particular association.
Model replication
We further tested the validity of the above models by applying them to the 
replication cohort of 3,873 subjects. Each replication subject’s data was 
projected onto the 30 regressors and then multiplied by the regression 
coefficients estimated from the main cohort to predict that subject’s 
functional connectivity. That is, the models are applied directly and not 
retrained on the new subjects. This therefore constitutes a direct prediction 
of functional connectivity from dMRI data in unseen subjects. As shown in 
Fig. 5.5, percentage variance explained was quantitatively very similar from 
region to region (2.5% on average) in the previously unseen subjects as in the 
main cohort upon which the model was based. 
Several medial regions demonstrate notably high effect sizes, with in 
particular the posterior cingulate cortex and the intra-calcarine cortex 
having over 10% variance explained. Regions in the temporal lobe, ventral 
parts of frontal lobe and lateral aspect of the occipital lobe demonstrate the 
lowest variance explained. In addition to the corpus callosum, temporal lobe 
regions are connected via the anterior commissure. For these regions, we 
performed additional analyses in which the microstructural signature from 
the anterior commissure was used to predict functional connectivity (see 
Supplementary Fig. 5.4). While the anterior commissure microstructure was 
able to predict functional connectivity, it did not explain the data better than 
callosal microstructure, nor did a model including both tracts.
Negative control analysis
Although the above analyses suggest a general microstructure-function 
relationship, it is not clear whether these associations are specific to the 
pathway connecting a given pair of regions, or whether functional connectivity 
reflects global variance in the microstructural metrics across subjects. A 
new series of regression analyses were performed similar to those depicted 
in Fig. 5.2, but instead of taking microstructure values from a different 
“wrong” callosal tract (Fig. 5.6A). From the 81 callosal sub-regions defined 
above, we selected a subset of 30 distinct tracts with minimal spatial overlap 
(Supplementary Fig. 5.5) for use as control (“wrong”) tracts (Fig. 5.6B). We 
then assessed whether any of the control tract regressions had similar or 
better performance compared to the correct tract (Fig. 5.6C). For 70% (60% 
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in the replication cohort) of the homotopic areas, the highest Z-score was 
obtained when the model was performed with the anatomically correct tract; 
overall, for 81% of brain areas the correct tract ranked among the top three 
models (Fig. 5.6D). 
Figure 5.5. Variance explained by the multimodal regression model in the training and 
replication cohorts. A) Variance explained mapped onto the brain surface. The maps were 
smoothed with 2 mm Gaussian kernel to aid visualization. A similar pattern across the brain 
was found for the regression models incorporating the individual microstructural metrics. B) 
Graph reporting percentage variance explained for each homotopic region. The model was 
trained on the main cohort of 7481 subjects. By applying the regression models trained on the 
main cohort, we could predict functional connectivity in the replication cohort of 3873 unseen 
subjects. The homotopic region numbers on the horizontal axis correspond to the brain areas 
listed in Supplementary Table 5.1. 
Genome-wide associations
We studied the influence of genetics on the microstructure-function 
relationships identified above with a series of genome-wide association studies 
(GWASs). All subjects in this analysis were selected based on recent British 
ancestry and availability of genotype data that passed the quality control 
procedures of UK Biobank (Bycroft et al., 2018). The target phenotypes used 
in the GWASs were the cross-subject variation in functional connectivity 
predicted by the microstructure model (i.e., the model fits; see Methods 
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section and Supplementary Fig. 5.6). For each homotopic region pair, the 
GWAS consisted of a series of univariate correlations of the model fit with 
11,734,353 single-nucleotide polymorphisms (SNPs). These GWASs were fully 
multiple comparison corrected. 
Figure 5.6. Negative control analysis. A) In the wrong tract approach, the GLM-analysis was 
performed with a tract (shown in blue) that does not directly connect between a homotopic 
pair of interest (shown in orange). B) A total of 30 distinct tracts (12 shown here) were chosen 
based on minimal spatial overlap between them. C) For each GLM, an F-statistic (across the 
whole model, with the degrees of freedom for model and error, 30 and 7450, respectively) 
was calculated and transformed to a Z-score to compare between the correct tract and 30 
wrong tracts. All GLMs in this analysis were derived from the multimodal microstructural 
information. D) Rows from the matrix in C were sorted in descending order of Z-score and 
labelled according to whether they represent the correct pathway or a different tract. The 
highest Z-scores (left-most column) correspond to the anatomically correct tract in 70% of 
cases, and overall the correct tract was in the top three models in 81% of cases. 
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Figure 5.7 depicts the association across SNPs for the homotopic pair with 
the largest variance explained in the multi-modal microstructure model 
(i.e., the posterior cingulate cortex). A group of SNPs in chromosome 
14 demonstrated a strong association with the microstructure-function 
phenotype. These SNPs were co-located with the DAAM1 gene (Dishevelled 
Associated Activator of Morphogenesis 1), some were also within DAAM1’s 
promoter region (regulating expression of the gene) (Kent et al., 2002). The 
DAAM1-protein plays an important role in the Wnt signalling pathway inside 
the cell, indirectly regulating cell polarity and movement during development. 
In the central nervous system, this protein has been shown to facilitate the 
guidance of commissural axons at embryonic stage in mice and drosophila 
(Matusek et al., 2008; Avilés & Stoeckli, 2016). Expression of the JKAMP gene 
(Jun N-Terminal Kinase 1-Associated Membrane Protein) was also regulated 
by these SNPs, as demonstrated by 3D chromatin interaction data (Won et 
al., 2016) (Virtual 4C (Wang et al., 2017)). Furthermore, the GWAS revealed 
many SNPs within the LPAR1 gene (Lysophosphatidic Acid Receptor 1) located 
in chromosome 9. LPAR1 encodes one of the six receptors involved in the 
lysophosphatidic acid signaling pathway in the cell (Yung et al., 2015). SNPs c
co-located with both DAAM1 and LPAR1 were found for the microstructure-
function association of multiple brain areas (Fig. 5.7 and Table 5.1). Detailed 
Manhattan plots at the location of LPAR1 and DAAM1 are given in Supplementary 
Figures 5.7 and 5.8, respectively. Manhattan plots depicting the GWAS for 
the microstructure-function model fits of each homotopic region pair in the 
discovery cohort can be found in Supplementary Figure 5.9.
The GWAS was repeated for subjects in the replication cohort. Rather than 
using the model prediction approach described above, the multi-modal 
microstructure models were first re-trained to better explain functional 
connectivity with microstructure for these subjects (see Supplementary Fig. 
5.10 for the effect of re-training). This approach was motivated to make the 
genetic replication analysis more fully independent of the discovery dataset. 
Replication GWAS was performed on microstructure-function phenotypes 
from the homotopic regions showing an association in chromosome 9 and 
14 in the original subjects. Following common practice for replication GWASs 
(Hibar et al., 2015), only SNPs that demonstrated a significant association 
in the discovery GWAS were tested. For SNPs within the LPAR1 gene in 
chromosome 9, associations with three out of five brain areas were replicated. 
The SNPs in chromosome 14 corresponding to the DAAM1 were replicated in 
two out of three brain areas (Fig. 5.7).
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Figure 5.7. Genome-wide associations with the microstructure-function phenotype (i.e. the 
pattern of functional connectivity that can be predicted from white matter microstructure). 
The Manhattan plot depicts the associations with each SNP across all chromosomes expressed 
as the -log10 p-value. A) As an example, the genome-wide Manhattan plot is given for the 
homotopic brain region showing the highest variance explained by the microstructure – 
function model (n = 7481 subjects). The strongest association is with a SNP (rs74826997) in 
chromosome 14 (linear regression, two-sided). B) Single chromosome Manhattan plots are 
shown for brain regions that associate with SNPs in either chromosome 9 or 14 that co-located 
with the genes LPAR1 and DAAM1, respectively (linear regression, two-sided). The -log10 
p-value of the SNPs in the discovery GWAS (7481 subjects) are depicted by the blue dots. In 
an additional cohort of 3873 subjects, we aimed to replicate the significant hits (black dots in 
single chromosome Manhattan plots). The ICA spatial maps of these brain areas are given for 
each of Manhattan plot. The brain area (posterior cingulate cortex) highlighted with max r2 
corresponds to the genome-wide Manhattan plot in (A). A significance threshold is given for a 
-log10(p-value) equal to 7.5 corresponding to a p-value of ~3 x 10-8.  Significance threshold for 
the replication GWAS was determined using Bonferroni correction (p < 1.47 x 10-4).
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The GWAS results described above used microstructure-function model fits 
as the target phenotype. These results could simply reflect correlations of 
these SNPs with both functional connectivity and microstructure. To test 
for specificity, two additional GWASs were run using the following target 
phenotypes for each homotopic pair: (i) the functional connectivity that 
remains unexplained by white matter microstructure (i.e., the residuals from 
each multimodal microstructure-function model) and (ii) the first principal 
component of the multimodal microstructure for the corresponding callosal 
pathway (i.e. the first regressor in the microstructure model). SNPs that were 
significantly associated with either of these two phenotyes in the discovery 
cohort and in the replication cohort are listed in Supplementary Tables 5.2 
and 5.3. These GWASs did not find any SNPs co-located with either DAAM1 or 
LPAR1  in any homotopic region. This suggests that the relationship to DAAM1 
and LPAR1 is specific to the component of functional connectivity that can 
be predicted by white matter microstructure. The GWAS associating with 
the first principal component of multimodal microstructure yielded SNPs 
within the VCAN gene, which were previously found to associate with ICVF 
throughout white matter in the brain (Elliott et al., 2018).
Table 5.1. Genome-wide associations (linear regression, two-sided) with the microstructure-
function phenotype (i.e. the pattern of functional connectivity that can be predicted from 
white matter microstructure). Listed are rsids of the SNPs showing the most significant 
association that were replicated in the replication cohort. Some SNPs were associated with the 
microstructure-function model fits of multiple homotopic region pairs (highlighted in gray). 
The nearest gene of each SNP is reported with its possible function in the human central 
nervous system. Furthermore, the base-pair position, the SNP alleles, minor allele frequency 
(maf) and the p-values of the discovery (n = 7481 subjects) and the replication GWAS (n = 
3873 subjects) are given. A significance threshold is given for a -log10 (p-value) equal to 7.5 
corresponding to a p-value of ~3 x 10-8.  Significance threshold for the replication GWAS was 
determined using Bonferroni correction (p < 1.47 x 10-4).
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Discussion
Although basic principles relating axonal properties to neural signalling are 
well established, the degree to which functional connectivity is mediated 
by microstructural organization at the level of macroscopic tracts is 
largely unknown. Several studies have related the “strength” and topology 
of structural connections to functional activity based on fMRI and dMRI 
(Hagmann et al., 2008; Honey et al., 2009), but these studies are uninformative 
about microstructure. Here we focused on commissural fibres through the 
corpus callosum, a set of connections which can be estimated using MRI 
both structurally and functionally. Our results are consistent with previous 
work (Stark et al., 2008; Shen et al., 2015) in that connections between pairs 
of homotopic areas were the strongest functional connections in the brain. 
Furthermore, studies have demonstrated that severing the corpus callosum 
reduces or extinguishes interhemispheric functional connectivity, providing 
evidence that communication between these regions is primarily facilitated 
by axons running through the callosum (O’Reilly et al., 2013; Roland et al., 
2017). 
In this study, we have demonstrated that white matter microstructure is 
associated with functional connectivity at the macroscopic level probed by 
imaging. The majority of brain regions (90%) show statistical evidence for a 
relationship between white matter microstructure and functional connectivity. 
Replication in nearly 4000 subjects demonstrates that the regression models 
fit in the main cohort have predictive power in unseen subjects.
On average these models account for 3-4% of the cross-subject variance in a 
given brain region, with considerable variation across regions – ranging from 
1% to 13% variance explained. It is likely that our results underestimate the 
true relationships due to methodological limitations. MRI provides indirect 
estimates of functional connectivity and microstructure. In addition, the model 
order (linear with 30 regressors), choice of confounds (Supplementary Table 
5.4), and potential for remaining indirect connections (regions not included 
in the partial correlation) could all lead to unexplained variance. This could 
be one source of the inter-regional variation, although some true biological 
variation is also likely. Methodological improvements may well increase the 
strength of the observed effect sizes. The ability to identify subtle relationships 
on the order of 1% (r = 0.1) is directly related to our large sample size; indeed, 
it is common for even smaller effect sizes to be considered valuable in 
genetic studies, provided replication is demonstrated. The recent advent of 
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population-level imaging requires particular caution in distinguishing between 
the statistical significance and biological meaningfulness of a given result 
(Smith & Nichols, 2018). Nevertheless, the identification of small effects can 
be a first step toward aggregate measures with greater explanatory power; 
for example, polygenic risk factors for disease combining univariate GWAS 
outcomes with small effect sizes have been enabled by population-level 
genetics studies (Torkamani et al., 2018).
In both the main and replication cohort, functional connectivity was best 
explained in regions close to the medial aspect of the brain, for example 
the intra-calcarine and posterior cingulate cortex (see Fig. 5.5). It should be 
acknowledged that some of these regions emerged as single contiguous nodes 
after spatial ICA, where more distal homotopic pairs were separated by other 
brain structures (see Fig. 5.1). This could reflect fMRI signal blurring between 
the hemispheres, driving up the apparent functional connectivity. However, 
it is unclear why this functional connectivity would be better predicted by a 
completely independent measure of white matter microstructure estimated 
from diffusion MRI. To investigate this effect further, we conducted a 
correlation of the white matter tract length with the variance explained 
across homotopic region pairs, finding no significant relationship (r = -0.04, 
p = 0.70). 
For the majority of the considered homotopic pairs (70%), the strongest 
model prediction was derived from microstructure in the anatomically-
correct pathway, compared to microstructure obtained from any of the 30 
other callosal pathways. This negative control analysis is informative because 
it establishes that microstructure-function relationships have a degree of 
regional specificity and do not simply reflect global (brain-wide) inter-individual 
differences in microstructure and associated function. A similar result has been 
demonstrated for resting-state functional connectivity between posterior 
cingulate and medial-frontal cortices, with FA from the correct white matter 
pathway (cingulum) being more highly correlated than an unrelated tract 
(van den Heuvel et al., 2008). Interestingly, for a minority of the brain areas 
investigated, functional connectivity was better explained by microstructure 
from a “wrong” white matter tract.  Success of control tracts in predicting a 
given brain region could be driven by confounded microstructural estimates 
in the correct tract, partial overlap of tract segmentations, or global (brain-
wide) variations in microstructure and functional connectivity.
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A general and important confound in our models is “partial volume” (spatial 
overlap) of tracts. Ideally one would estimate the properties of each axon 
connecting two brain regions. Instead, dMRI averages within a voxel or region 
of interest (in our case, a white matter tract). As such, dMRI measurements 
often mix multiple different white matter bundles; for example, in the 
centrum semiovale, callosal fibres cross the corticospinal tract and superior 
longitudinal fasciculus. As a result, our regression models will have included 
microstructural estimates from other tracts. More advanced modelling to 
exclude or model these partial volume effects would be valuable to increase 
specificity without reducing sensitivity.
Frontotemporal regions were particularly prone to being explained by a 
control tract. These region also tend to have lower functional homotopic 
connectivity, in agreement with previous literature (Tobyne et al., 2016). These 
regions may have fractionally less callosal input and be primarily connected 
to intra-hemispheric brain areas via associations fibres (Schmahmann et al., 
2007). Many temporo-polar regions also have interhemispheric connections 
via the anterior commissure. We therefore also constructed microstructural 
models from connections running through the anterior commissure; 
however, these models did not improve the explained variance in functional 
connectivity (see Supplementary Fig. 5.4). The effect sizes for models based 
on the anterior commissure and the corpus callosum varied similarly across 
brain regions. This may reflect spatial overlap in the defined tracts close to 
grey matter, image registration errors, or variation in non-relevant variance in 
functional connectivity across regions (providing a ceiling on the explainable 
variance). In addition to brain activity, other sources may also contribute to 
the resting-state signal (see refs (Cordes et al., 2001; Friston, 2011; Smith, 
2012) for some excellent reviews).
Imaging microstructure with dMRI is a rapidly evolving field, including many 
models that were only recently developed. The biological interpretation 
of microstructural metrics is challenging and it is therefore not trivial to 
decompose the specific contributions of each microstructure parameter 
in explaining functional connectivity. The microstructural metrics used 
here each explain some unique aspects of the dMRI signal, but also share 
some mutual information (e.g., both ICVF and OD correlate with FA). The 
results presented here demonstrate that combining these metrics yields a 
more comprehensive characterization of the underlying microstructure. In 
addition, having the rich representation of microstructure along the entire 
tract better explained functional connectivity than simply using the mean of 
the tract (Supplementary Fig. 5.11).
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To gain further insight into the microscopic tissue features driving the dMRI-
derived metrics, evaluation against reference measures such as histology 
is essential. As such, we demonstrated good correspondence between OD 
profiles derived from the corpus callosum in ex-vivo dMRI and myelin staining 
(Mollink et al., 2017), providing confidence in the biological meaning of 
this specific measure. In agreement with histology (Budde & Annese, 2013; 
Mollink et al., 2017), the dMRI data used in our study indicates that fibres 
are more dispersed at the centre of the corpus callosum as compared to its 
lateral aspects. In Supplementary Fig. 5.3, we use this validated measure of 
fibre dispersion for a simple (single regressor) model to predict functional 
connectivity. However, this model provided much lower explanatory power 
(0.21% on average) than the multivariate regression models described 
above. This is likely because these more comprehensive models capture the 
spatial richness of microstructure metrics across the white matter tract, 
demonstrating how pooling multiple white matter phenotypes can explain 
more variance in functional connectivity.
Data richness in the UK Biobank project allowed us to associate genetic 
variants with the imaging derived phenotypes in this study. Meta-analyses 
in the ENIGMA consortium previously revealed genetic variants that were 
associated to imaging markers such as hippocampal volume (Hibar et al., 
2017) and other subcortical structures (Hibar et al., 2015) in over 30,000 
subjects. ENIGMA pools a vast collection of imaging data from several studies 
acquired with heterogeneous protocols. It remains to be seen whether the 
inclusion of a large number of subjects in ENIGMA effectively mitigates this 
data heterogeneity. In contrast, the UK Biobank project aims to maximise 
data homogeneity in 100,000 subjects with a common protocol and imaging 
platform (Miller et al., 2016), which may enable more efficient identification 
of associations between imaging phenotypes and genetic variants (Elliott 
et al., 2018). Combining datasets from the UK Biobank and ENIGMA can be 
used to further boost statistical power or can be used separately to replicate 
discoveries.  
We conducted a genome-wide association study (GWAS) for each homotopic 
region pair to associate SNPs with the fraction of functional connectivity 
that was predicted by microstructure. In chromosomes 9 and 14, a group of 
SNPs was found showing a strong association with the cross-subject pattern 
of functional connectivity predicted by microstructure for multiple brain 
areas (Fig. 5.7). As no SNPs associated with these same genes were found 
in GWASs relating solely to functional connectivity or microstructure, these 
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associations appear to be unique to the microstructure–function relationship 
(see Supplementary Tables 5.2 and 5.3). For the replication cohort, the SNPs 
in chromosome 9 – co-located with LPAR1 – were replicated for three of the 
five brain areas showing hits in the discovery GWAS. The SNPs in chromosome 
14 were replicated in two out of the three brain areas. 
The identified SNPs in chromosomes 9 and 14 are associated with genes 
that have previously been shown to be important for brain development. 
The DAAM1 gene is expressed in many tissue of the human body and plays 
an important role in the Wnt signalling pathway (Habas et al., 2001). In 
neuronal tissue, the DAAM1 protein is primarily found in the shaft of neuronal 
dendrites (Salomon et al., 2008) and in the developing brain it aids axonal 
guidance in targeting distal brain regions (Kida et al., 2004). Knock-out 
studies in mice and drosophila have shown deficits in the central nervous 
system when DAAM1 is not expressed (Matusek et al., 2008). In particular, 
the formation of commissural fibres at an embryonic stage was disturbed 
(Avilés & Stoeckli, 2016). Previous work relating cortical thickness to genetic 
variants also reported SNPs co-located with DAAM1 in the cuneus area (Elliott 
et al., 2018) (http://big.stats.ox.ac.uk). 3D chromatin data revealed that the 
SNPs in chromosome 14 also regulate expression of the JKAMP gene (Won 
et al., 2016). While diseases associated with JKAMP include medulloblastomas 
(Behrends et al., 2003), its exact mechanism in brain development is not 
well described in literature. For chromosome 9, several SNPs were located 
in the LPAR1 gene, encoding a receptor involved in the lysophosphatidic acid 
signalling pathway. These receptors are found on the membranes of most 
cell types in the central nervous system and have been linked to some neural 
processes including but not limited to neurogenesis, myelination, microglial 
activation, and astrocytes responses (González de San Román et al., 2015; 
Yung et al., 2015). 
The degree to which functional connectivity between brain regions is mediated 
by microscopic properties (microstructure) of the white matter pathways is 
a fundamental question in neuroscience. We demonstrated that a fraction 
of cross-subject variation in inter-hemispheric functional connectivity can be 
predicted from white matter tract microstructure connecting two homotopic 
regions. Our results suggest that microstructure-function relationships are 
general (across many brain regions), specific (with the correct tract out-
predicting control tracts) and reproducible (as a prediction in a replication 
cohort). Furthermore, the microstructure-function association was 
underpinned by genetic variants and in particular with SNPs co-located with 
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the genes DAAM1 and LPAR1. Attribution of these relationships to specific 
biological sources, ideally in a causal manner, cannot be achieved with this 
kind of observational study but would likely require interventional studies in 
animals (Fields, 2015).
Materials & Methods
Data acquisition and pre-processing
We used resting-state functional MRI and diffusion MRI data provided by the 
UK Biobank project. An extensive overview of the data acquisition protocols 
and image processing carried out on behalf of UK Biobank can be found 
elsewhere (Miller et al., 2016; Alfaro-Almagro et al., 2018). Description of post-
processing pipelines and acquisition protocols of MRI data in UK Biobank are 
available at http://biobank.ctsu.ox.ac.uk/crystal/docs/brain_mri.pdf. Unless 
stated otherwise, processing of the MR images was performed using FSL 
(Jenkinson et al., 2012). All imaging data was acquired on a 3T Siemens Skyra 
MRI scanner (software platform VD13) using a 32-channel receive head coil.
Resting-state fMRI data with 2.4 mm isotropic resolution and whole-brain 
coverage (field of view, 88x88x64 matrix) was acquired in a six-minute session 
(multiband acceleration 8, TR=0.735 ms, 490 time-points). The functional 
data was motion corrected (Jenkinson et al., 2002) and FIX-cleaned (Salimi-
Khorshidi et al., 2014) to remove physiological noise and image artefacts, 
before transforming the data to a 2 mm MNI-template. 
Diffusion MRI data were acquired at 2 mm isotropic resolution achieving 
whole brain coverage (field of view, 104x104x72 matrix) with two b-values 
(b=1000, 2000 s/mm2), with 100 unique gradient directions over the two 
shells (50 directions/shell). The total acquisition time was 7 minutes (multi-
band acceleration 3, TE/TR was 92/3600 ms). After eddy current correction 
of all images (Andersson & Sotiropoulos, 2016), tensor metrics (FA, MD, MO) 
were calculated from the lower shell (b=1000 s/mm2) using DTIFIT. Both 
shells were used to estimate the NODDI model (Zhang et al., 2012) metrics 
(ICVF, ISOVF, OD) using the AMICO toolbox (Daducci et al., 2015). 
While not being explicitly used in this study, the UK Biobank imaging protocol 
includes several structural acquisitions that informed quality control pipeline 
and served as registration references for the functional and diffusion data 
(Miller et al., 2016; Alfaro-Almagro et al., 2018). T1-weighted structural scans 
were acquired using a 3D MPRAGE protocol (1.0x1.0x1.0 mm resolution, matrix 
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208x256x256, TI/TR = 880/2000 ms, in-plane acceleration 2). T2-weighted 
imaging using fluid-attenuated inversion recovery (FLAIR) contrast provides 
estimates of white matter hyperintensities (3D SPACE, 1.05x1.0x1.0 mm 
resolution, 192x256x56 matrix, TI/TR=1800/5000 ms, in-plane acceleration 
2).
Quality control
Quality control (QC) is applied at several stages in this study. First, all raw 
data is subject to a standard pre-processing pipeline (Alfaro-Almagro et al., 
2018) that generates several QC measures. The starting point for QC is the 
T1-weighted structural scan, which is essential for further processing of the 
other modalities (e.g., the generation of brain masks, tissue segmentations 
and as a reference for registration). Subjects are excluded if registration to 
standard space fails, likely due to excessive head motion, atypical structure 
and/or anatomical abnormalities (e.g., large ventricles). The full list of QC 
measures relating derived from the T1-weighted images is given elsewhere 
(Alfaro-Almagro et al., 2018). Based on the T1-weighted anatomical, 98% of all 
subjects were deemed suitable for further analysis. Next, the volume of white 
matter hyperintensities, used as confound variable, derived from the T2-FLAIR 
images is characterized with BIANCA (Griffanti et al., 2016). This feature 
detects atypical structures and individuals with overt pathology(Alfaro-
Almagro et al., 2018). Subjects can additionally be excluded from further 
analysis on the basis of their dMRI and fMRI data due to bad EPI distortions, 
failed registration to T1, extreme bias fields, unusable fieldmaps and/or severe 
motion artefacts. 87% of the dMRI datasets and 94% of the rfMRI datasets 
were considered suitable for further analysis based on these QC measures. 
The relatively large number of dMRI scans being excluded was caused by a 
change in processing protocol that deemed some early scans unsuitable. 
All subjects selected in this study had both usable dMRI and rfMRI data in 
addition to suitable genetics data (see section UK Biobank genetics data for 
more information). This yielded a total of 11,354 subjects; 7481 in the main 
cohort and 3873 in the replication cohort (randomly assigned). Overall, 5393 
females were included, the mean age was 62.8 (SD 7.4) years and all subjects 
had recent British ancestry. No power calculation was needed in advance 
and we used all samples available. UK Biobank is an observational prospective 
epidemiological study, and all analyses in our study use all available subjects 
that fulfil the criteria described above. Hence there is no equivalent process 
of randomization that comes into this analysis. For the exact same reason, no 
blinding step was involved.
147
Linking functional connectivity to white matter microstructure
5
Variations in white matter microstructure and/or functional connectivity may 
be influenced by some of the QC measures (e.g. head motion) in a subtle way 
that does not require subject exclusion, but which could confound associations. 
A set of variables of no interest (confounds) are listed in Supplementary Table 
5.4 that are used to deconfound the data prior to modelling (see section 
Predicting functional connectivity from white matter microstructure).
fMRI processing
The resting-state fMRI data were fed into an Independent Component 
Analysis (ICA) using the MELODIC tool (Beckmann & Smith, 2004) to identify 
resting-state networks present on average in the whole population. First, data 
was reduced to 100 dimensions using PCA and then fed into spatial ICA, from 
which 55 components corresponded to functional regions, and the other 45 
judged to reflect physiological noise or image artifacts (“noise”) (Miller et 
al., 2016; Alfaro-Almagro et al., 2018). A functional component was split if it 
consisted of non-contiguous brain regions, yielding 81 bilateral (homotopic) 
regions that were further split between the hemispheres to estimate 
interhemispheric connectivity (see Supplementary Table 5.1). Average time-
series were generated for all ICA components (i.e., homotopic areas and noise 
components) by a spatial regression of the subject’s voxelwise resting-state 
fMRI time-series with the ICA spatial maps. Further analyses were performed 
using the FSLNets toolbox (https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/FSLNets). The 
average time-series within a homotopic area was demeaned and “cleaned” by 
regressing out the time-series from the 45 “noise” component time courses. 
Functional connectivity was estimated between all pairs of components 
(2x81) by means of partial correlation of the cleaned time-series using 
Ridge regression with a regularization factor ρ=1. Partial correlation aims to 
estimate direct connectivity between two areas by first regressing out all 
other regions’ time-series before calculating the correlation (i.e., established 
through inversion of the covariance matrix). 
dMRI tractography
White matter tracts between functional regions were delineated using 
tractography. Up to three fibre orientations were fitted at each dMRI voxel in 
a Bayesian approach using bedpostX (Behrens et al., 2003) modified for multi-
shell data (Jbabdi et al., 2012). Probabilistic tractography was then performed 
with the probtrackx2 algorithm (Behrens et al., 2007) by generating 
streamlines from a seed region (5000/voxel) in one hemisphere and only 
saving streamlines that passed through the corpus callosum and terminated in 
the same region in the contralateral hemisphere. This process was repeated by 
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switching the seed and the target area between the hemispheres. The overlap 
of the identified tracts in this two-step approach were used to generate the 
mask corresponding to the tract of interest. The tracts were generated for 
all 81 homotopic pairs (each representing either the seed or the target area) 
for 10 subjects drawn from the UK Biobank dataset. Tracts between a given 
homotopic pair were then averaged across these subjects and served as a 
tract mask for all subjects stored in 1 mm MNI-space.
Tract-based spatial statistics
Tract-based spatial statistics (Smith et al., 2006) (TBSS) was used to align 
white matter tracts between subjects and extract microstructural information 
from the tract centre (skeleton). The version of TBSS used here employs 
an optimised non-linear registration (FNIRT) that avoids the need for the 
projection step in the original version of TBSS (de Groot et al., 2013). This avoids 
misalignment problems in which voxels can be projected onto a different tract 
that is in close proximity, an issue that has been highlighted from the original 
method (Bach et al., 2014). The choice of FNIRT-based registration was 
motivated by its performance compared to other registration algorithms, as 
described previously (Alfaro-Almagro et al., 2018). We also evaluated the use 
of DTITK registration, which incorporates the full diffusion tensor to further 
improve the alignment of dMRI scans (Bach et al., 2014), finding equivalent 
performance between the two algorithms (Supplementary Fig. 5.12 and 5.13). 
The tract reconstructions obtained with probabilistic tracking were used to 
mask the white matter skeleton voxels for a given homotopic region pair. 
Microstructural features derived from the diffusion tensor and NODDI fits 
were extracted from this final tract mask.  
Predicting functional connectivity from white matter microstructure
We used a multiple linear regression model to predict homotopic functional 
connectivity from a set of regressors describing the spatial pattern of 
microstructure along a white matter tract. A rank-based inverse normal 
transformation was applied to all data to ensure normality. The regression 
model was constructed for each pair of homotopic regions separately:
Here Yi (Nsubjects x 1) is a vector that contains the functional connectivity values 
of all subjects derived from homotopic region i (over n = 81 regions). To build 
a model using p microstructural regressors, we need to estimate a set of 
regression coefficients β (p x 1) that describe the relative contribution from 
the microstructural metrics Xi (Nsubjects x p) along the white matter tract. 
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The regressors are derived in two stages. First, the microstructural metrics 
were extracted from the TBSS-voxels (white matter skeleton) corresponding 
to the tract of interest for every subject, yielding a matrix X°i (Nsubjects x Nvoxels). 
As the matrix X°i is very large, a direct regression with functional connectivity 
is ill conditioned. We therefore perform a dimensionality reduction on X°I 
to derive a set of regressors reflecting the primary modes of variation of 
a given microstructural metric across space for the cohort of subjects. The 
microstructural matrices were first demeaned, and then a singular value 
decomposition was computed from matrix X°i. The top p components were 
retained, yielding matrix Xi (Nsubjects x p). In practice, p was set to 30 principal 
components, which approximately corresponded to a transition in the 
spectrum of singular values in terms of variance explained. This provides a 
somewhat conservative model order below the point around p=100 at which 
variance explained roughly tracked noise singular vectors (Supplementary 
Fig. 5.1) and linear regression is prone to overfitting.
Matrices Xi were constructed for each of the microstructure metrics 
separately, yielding six single-metric linear regression models per homotopic 
region. In addition, a multimodal regression model was created that 
combined across all microstructure metrics. For the multimodal regression, 
all raw microstructure matrices (X†i) were demeaned and normalized through 
division by their first singular value to ensure comparable range of values. The 
six normalized matrices were then concatenated along the voxel dimension 
(Nsubjects x 6Nvoxels) and this matrix was reduced to the top 30 principal 
components as described above. 
We defined a set of 64 confound variables of no interest that might bias 
the estimated regressors by correlating with the estimated microstructural 
measures (e.g. through artefacts such as partial volume). An overview of all 
confound variables is given in Supplementary Table 5.4. The confound variables 
were regressed out of the functional and microstructural data before fitting 
the regression models.
Statistical analysis
Statistical significance of the regression models was assessed by means 
of permutation testing, evaluating each regressor using a t-statistic. A null 
distribution was constructed for each model t-statistic by randomly permuting 
the functional connectivity values across subjects (100,000 permutations). 
Because multiple models were evaluated, correction for the family wise error 
(FWE) is also essential, where we corrected along three different dimensions 
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of multiple comparison, as follows. First, we test multiple hypotheses in each 
model, i.e., which of the 30 microstructural principal components explains 
a significant amount of functional connectivity. Second, the models were 
applied to each of the 81 homotopic region pairs. Finally, a total of seven 
models (six individual microstructural models and one multimodal model) were 
evaluated for each homotopic pair. Following the approach demonstrated 
by Winkler et al (Winkler et al., 2014), a maximum t-statistic null-distribution 
across all dimensions (regressor, regions and models) was generated from 
the permuted t-statistics. From this maximum t-statistics null-distribution, a 
corrected p-value was estimated for each of the non-permuted t-statistics. 
Furthermore, an F-statistic was computed to judge the overall performance 
of each regression model (degrees of freedom model and error, 30 and 7450, 
respectively). The F-statistics were converted to Z-scores. Finally, the effect 
size of the regression models was expressed in terms of percentage variance 
explained (equivalent to r2), describing the strength of the relationship 
between microstructure and functional connectivity.
Negative control analysis
The statistical tests described above test whether there is a relationship 
between functional connectivity in a given brain region and the microstructure 
in the white matter pathway that connects them. However, this does not 
provide any insight into whether these relationships are specific: for example, 
microstructure and function could correlate at the whole-brain level. In this 
case, a regression model could indicate a statistically significant relationship 
even when using a white matter pathway that does not connect a given 
homotopic pair. Such a relationship could still be biologically meaningful, but 
the interpretation would change (e.g., demonstrating that individual brains 
vary globally from hypo- to hyper-connected). 
To test this, a negative control analysis was performed to evaluate the 
uniqueness of the microstructure-function relationships. From the 81 tracts 
in our study, a subset of 30 tracts with minimal mutual overlap were selected 
as canonical control (“wrong”) tracts. To identify the set of canonical control 
tracts, the Dice similarity index was computed among all tracts to quantify 
spatial overlap. Using k-means clustering (k=3 clusters), a cluster of tracts 
with the lowest average similarity indices was selected (Supplementary Fig. 
5.5).  
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The regression models were then re-evaluated for each homotopic area 
using the control tracts, rather than microstructure from the anatomically 
correct tract for the homotopic pair of interest. If, for a homotopic area, the 
anatomically correct tract was among the control tracts, an additional control 
tract was selected. To summarize, the regression models of the homotopic 
regions were performed once for microstructure from the correct tract and 
30 times for the control tracts. Comparison between the correct and control 
tract analyses was conducted using the F-statistic converted to Z-scores.
UK Biobank genetics data
The GWASs were performed using the BGENIE software (Bycroft et al., 2018). 
Acquisition and processing steps of the genetics dataset for all subjects in the 
UK Biobank project can be found in (Bycroft et al., 2018). For the discovery 
cohort, we began with the set of 12,623 brain imaged UK Biobank subjects for 
whom data were released in July 2017. As in Elliott et al (Elliott et al., 2018), 
to avoid confounding effects that may arise from population structure or 
environmental effects, we selected a subset of 11,354 unrelated subjects with 
recent British ancestry. Ancestry was determined using sample quality control 
information provided by UK Biobank (Bycroft et al., 2018). We then filtered the 
genetic data to remove SNPs with minor allele frequency < 0.01% or a Hardy-
Weinberg equilibrium p-value of less than 10-7, yielding a total of 11,734,353 
SNPs distributed across the 22 autosomes. Not all of the UK Biobank subjects 
who underwent brain imaging have usable data with a given MRI modality. 
All the 11,354 unrelated samples, were subjects which had usable dMRI and 
fMRI data according to previous quality control (Alfaro-Almagro et al., 2018). 
Subjects were assigned to the discovery and replication cohorts in a similar 
fashion as for the MRI analyses.
Ex-vivo MRI and histology data
MRI and microscopy data from three ex-vivo corpus callosum specimens 
were acquired and processed as described previously (Mollink et al., 2017). In 
brief, formalin fixed human brain tissue sections were scanned on a preclinical 
9.4 T Varian MRI system. Diffusion MRI was performed with a spin-echo 
sequence with TE = 29 ms and TR = 2.4 s. Two shells were acquired (b = 2500 
s/mm2 and b = 5000 s/mm2), each with 120 gradient directions and 0.4 mm 
isotropic resolution. Eight images with no diffusion weighting were acquired. 
A parametric model was fit to the dMRI signals from the b = 5000 s/mm2 
dataset to obtain orientation dispersion (OD) estimates (Sotiropoulos et al., 
2012).
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Following MR scanning, the specimens were histologically sectioned and 
immunohistochemically stained for myelin (proteo-lipid-protein). The 
sections were digitized and we obtained fibre orientation estimates at each 
pixel using structure tensor analysis (Budde & Frank, 2012). From a 2D 
local neighbourhood (0.4 x 0.4 mm) corresponding to the size of an MRI 
voxel, a fibre orientation distribution was computed from which orientation 
dispersion (OD) was derived. After registration of dMRI and microscopy data 
to the same image space (Heinrich et al., 2012), dispersion estimates were 
compared against each other in the corpus callosum. 
153
Linking functional connectivity to white matter microstructure
5

   Chapter
      6
Discussion and concluding remarks
156
Chapter 6
A multiscale approach to image white matter microstructure helps us 
better understand the brain as well as the techniques we employ to do so. 
The rapid development of imaging modalities in particular, facilitates fine-
grained analyses that have become available to many researchers within the 
neuroscience community. By studying white matter, we can uncover the 
brain’s structural organization. It also aids to our understanding of how white 
matter integrity underpins neurodevelopment, aging, disease and plasticity. 
This thesis focused on the use of diffusion Magnetic Resonance Imaging 
(dMRI) to study white matter. 
The application of dMRI in this work was two-fold; first we aimed to validate 
dMRI methods by comparing them to reference measures derived from 
microscopy (Chapters 2 & 3). These experiments were performed in ex-vivo 
brain specimens such that comparisons between dMRI and microscopy were 
available within the same tissue. We showed that probabilistic tractography 
in the dentatorubrothalamic tract (DRTT) matched well with the tract 
segmentation derived from a 3D histological reconstruction. Therefore, 
probabilistic tractography appears to be suited for mapping white matter 
anatomy at a macroscopic scale and holds promise for visualising the DRTT 
prior to cerebellar surgery. Furthermore, dMRI fibre dispersion is increasingly 
applied as a marker for local fibre coherence and validating novel markers 
is important to gain confidence in their application. We showed that dMRI 
derived fibre orientation dispersion in white matter agreed well with dispersion 
estimates from polarized light imaging (PLI) and histological myelin stains. 
In the second part of this thesis, dMRI tractography and microstructure 
modelling was applied to study white matter pathology in ALS (Chapter 4) 
and to predict functional connectivity from white matter microstructure 
(Chapter 5). To find a neuropathological substrate for frontotemporal lobe 
degeneration in patients with amyotrophic lateral sclerosis (ALS), we assessed 
white matter in the perforant path with dMRI and subsequent analyses with 
PLI and immunohistochemistry (IHC). We found evidence for white matter 
degeneration based on lowered diffusion anisotropy and elevated diffusivity 
in ALS patients compared to control tissue specimens. This was supported 
by reduced myelin density measured with PLI and IHC. These results provide 
supporting evidence that ALS is part of a spectrum of disorders, that also 
includes frontotemporal dementia to which it appears closely related. Finally, 
we showed that white matter microstructure varies across tracts and subjects 
in a large cohort from the UK Biobank project. This variation is predictive of 
the functional connectivity between homotopic grey matter areas connected 
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by the tract of interest. These structure-function relationships were 
underpinned by genetics in a genome-wide association study. Genes DAAM1 
and LPAR1 significantly and consistently correlated with the microstructure-
function phenotype of commissural white matter tracts. 
A detailed discussion of the concepts used throughout this thesis is covered 
in the following sections.
Tractography
Tractography operates at the macroscopic level of the brain and is used to 
delineate the spatial trajectory of white matter fibre pathways. It is commonly 
applied to infer microstructural properties from a tract of interest, generate 
cortical parcellations or as a tool for surgical planning. Tractography was 
applied to map the dentatorubrothalamic tract (DRTT) from the dentate 
nucleus in the cerebellum up to ventral lateral nucleus of the thalamus. It 
was hypothesized that this tract gets damaged during surgical removal 
of a tumour in the posterior fossa, possibly causing the cerebellar mutism 
syndrome. Having an accurate depiction of the DRTT prior to the procedure 
may help surgeons to avoid damage to the tract and minimise unwanted side-
effects. In Chapter 2 we estimated the accuracy of probabilistic tractography 
to depict the DRTT by comparing it with a histological 3D reconstruction 
of myelin stained sections and quantifying the false positives. ROC analysis 
demonstrated good sensitivity and specificity for tractography in the DRTT 
with the myelin stained reconstruction. These promising results can be partly 
ascribed to the anatomy of the DRTT. The DRTT is relatively thick (~5 mm) and 
does not encounter many crossing fibre bundles, other than its contralateral 
decussating homologue. Extrapolating these results to other pathways in the 
brain, dMRI data from clinical settings (see ex-vivo dMRI section) or other 
tractography paradigms should, however, be done with care. Also, tractography 
faces several intrinsic limitations (Jbabdi & Johansen-Berg, 2011; Craddock et 
al., 2013) that are not addressed with validation study presented here. Tract 
origin and termination cannot be inferred from tractography, nor can tract 
polarity (i.e., efferent or afferent). Regarding tract anatomy, the nature of 
fibre configurations at each voxel makes it sometimes challenging to draw 
the correct streamline. For instance, fibre dispersion within a voxel always 
yields fanning of streamlines exiting the voxel, where in reality dispersion 
sometimes reflects convergence of the true underlying fibre population. 
This also produces reduced tract probability in voxels located more distant 
from the seed-voxel. A solution for this might be the use of asymmetric 
fibre orientation distributions that incorporate the fibre configurations from 
neighbouring voxels (Bastiani et al., 2017).
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Microstructure modelling: fibre dispersion
As with many imaging modalities, spatial resolution determines the level of 
detail that can be observed. The beauty of dMRI lies in the fact that it is not 
necessarily limited by spatial resolution; the diffusion profile reflects sub-voxel 
tissue features (i.e., microstructure) that are much smaller than the voxel 
dimensions. Thus, although we do not resolve the microstructure, we can 
measure statistical properties of microstructural features within an imaging 
voxel. Developments in both MRI hardware and analysis tools have led to an 
increasingly detailed picture of tissue microstructure. The characterization 
of fibre configurations (e.g., crossing, fanning and/or undulating geometries) 
is a particularly active field within the dMRI community. Fibre orientation 
dispersion is one of the subtler features that can be derived from the diffusion 
signal. Validation of such features are important to gain confidence in 
microstructure modelling outcomes. The more elementary model outcomes 
from dMRI, fibre orientations for instance, were simply rationalized with 
anatomical knowledge of the brain’s white matter pathways. However, much 
less is known about the distribution of the more advanced model outcomes 
such as intra-cellular volume fractions, fibre dispersion or axon diameters 
throughout the brain. It is therefore of utmost importance to validate these 
estimates against “gold” standards. 
In Chapter 3, we demonstrated that dispersion estimates from dMRI data 
(Sotiropoulos et al., 2012) were highly correlated with microscopy-derived 
dispersion. As expected, myelinated axons were the primary source 
contributing to fibre dispersion. Interestingly, the dispersion estimates 
from PLI were lower as compared to histological stains for myelin. The idea 
that fibrous astrocytes (visualised with glial-fibrillary acidic protein) also 
contributed to dispersion estimates was not supported by the data. The 
study in Chapter 3 provides evidence that fibre dispersion estimates from 
dMRI are indeed driven by the fibre configuration. However, some remaining 
discrepancies between microscopy and dMRI dispersion estimates suggest 
variations in orthogonal diffusion that could be caused by, for example, 
axon diameter or packing density. Good correspondence between dMRI 
dispersion and microscopy derived dispersion was reported by other groups 
as well (Grussu et al., 2017; Schilling et al., 2018), but again with some 
discrepancies. These discrepancies highlight the difficulty of targeting a 
specific microstructural feature with dMRI. The diffusion signal is driven by 
many factors, and sophisticated modelling can isolate these features to a 
large extent, but not completely. Nevertheless, the result allows researchers 
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to incorporate dispersion tractography algorithms (Rowe et al., 2013), or use 
it as a measure of local fibre coherence which may provide novel biomarkers 
in tissue undergoing neurodegeneration (Colgan et al., 2016). 
Ex-vivo imaging
Comparison of human dMRI with microscopy in the same tissue is only possible 
in ex-vivo specimens. There are great advantages of scanning tissue ex-vivo, 
but one should be aware of the tissue alterations caused by death, extraction 
from the skull, autolysis and tissue fixation. Most important for dMRI, formalin 
fixation can lead to reduced T2-relaxation times (Shepherd et al., 2009) and 
lowered diffusivity (Sun et al., 2005). To obtain sufficient diffusion contrast, 
ex-vivo dMRI requires increased b-value at the expense of having less 
signal, which compounds the signal loss caused by reduced T2-relaxation 
times. Ex-vivo imaging is generally more feasible in preclinical small-bore 
MRI systems operating at much higher field strengths (>7T) and with more 
powerful imaging gradients, thus producing higher signal. Furthermore, the 
ex-vivo experiments can use long scan-times, which can provide high SNR, 
high resolution, multiple shells and/or many diffusion directions. As such, ex-
vivo dMRI data is often of much higher quality than in in-vivo data, enabling 
experiments that support more sophisticated microstructure models, as 
was demonstrated in Chapter 3. By providing exotic datasets, ex-vivo dMRI 
can be considered as a test-bed for future in-vivo applications and push the 
boundaries of dMRI. With MR-engineers continuingly improving MR-systems, 
the ability to scan faster, using stronger gradients at higher field strengths is 
constantly expanded. Therefore, analysis methods that are currently being 
developed using high-quality ex-vivo dMRI data may realistically become 
available in clinical situations in the near future. 
Polarized Light Imaging
We employed PLI for the first time to validate dMRI derived microstructural 
estimates (Chapter 3) and estimate myelin degeneration in pathological 
samples (Chapter 4). Major efforts have been made over the past decade 
to develop and fine-tune the acquisition and analysis pipeline of PLI (Palm 
et al., 2010; Axer et al., 2011b; Reckfort et al., 2015), but its application to 
study brain anatomy and better interpretation of dMRI is still nascent. Studies 
complementing dMRI with PLI have investigated cortical organization (Leuze 
et al., 2014; Caspers et al., 2015) and provided novel insights in trigeminal 
nerve anatomy (Henssen et al., 2018), but these comparisons remained 
largely qualitative. 
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In this thesis, it was demonstrated how to use PLI in a more quantitative manner. 
For instance, retardance relates to myelin density. In Chapter 4 retardance 
was used as a marker for myelin content in hippocampus specimens of ALS 
patients. However, quantitative use of PLI retardance maps as estimate for 
myelin density does have some caveats. The fibre inclination angle, fibre 
crossings, thickness of the local myelin sheath and the wavelength of the 
polarized light all affect retardance. 3D-PLI (Axer et al., 2011c) was developed 
with the aim of isolating the retardance effects caused by fibre inclination 
using a tilting specimen stage. Although the interpretation of PLI signals 
using the tilting stage is improving (Wiese et al., 2014; Schmitz et al., 2018), 
the fundamental ambiguity of overestimating the inclination angle in areas 
with crossing fibres or low myelin density remains challenging. Furthermore, 
although it is known that formalin fixation decreases birefringence of 
myelinated axons (de Campos Vidal et al., 1980), little is known about the 
effect other tissue processing steps such as the type of fixative, fixation time 
and/or post-mortem delay. No correlation between retardance and fixation 
time was observed in the ALS specimens, but future studies should investigate 
these effects in more controlled settings. 
Furthermore, some discussion is desired as to whether PLI can be 
considered as a gold standard when validating dMRI. In parallel with the 
advancement of PLI, a variety of other microscopy techniques have been 
applied in the context of validating dMRI. Quite similar to PLI is the use of 
polarization sensitive optical coherence tomography (PS-OCT) to study 
myelo – and cytoarchitecture (Wang et al., 2018). PS-OCT is also sensitive 
to fibre orientations, but accurate mapping of the 3D orientation remains 
problematic. Imaging is performed en bloc as it makes use of backscattered 
light with a penetration depth up to ~100 microns. A major advantage of OCT 
in general is that the images are much less prone to geometric distortions 
caused by cutting and mounting the tissue (Magnain et al., 2014), enhancing 
the inter-slice alignment of 3D reconstructions. Unfortunately, the imaging 
set-up of (PS-)OCT is rather complicated compared to PLI and is therefore 
not readily available to many researchers. Another promising approach is 
the use of 3D confocal microscopy to map tissue microstructure. Instead 
of backscattered light, contrast is generated from proteins labelled with a 
fluorescent dye. A framework for 3D confocal microscopy to validate fibre 
orientation distributions from dMRI was recently presented in squirrel-
monkey brains (Schilling et al., 2016) stained for lipophilic dye Dil. Having 
limited focal depth in normal brain tissue, confocal microscopy is increasingly 
applied in transparent tissue using clearing techniques such as CLARITY 
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(Chung et al., 2013) or iDISCO (Renier et al., 2014) enabling fluorescent 
labelling and imaging of entire tissue blocks. However, it is not clear how well 
these techniques preserve the tissue scaffold (Leuze et al., 2017), since all 
lipid membranes are removed. 
PLI holds great potential to study brain anatomy and connectivity, yet it is 
currently a somewhat niche technique. Its position in neuroscience would 
benefit from increased application, e.g., studying normal brain anatomy, 
comparison to histological staining of tissue and validate dMRI measures. 
Finally, some exciting progress has been recently made in the field of live-
birefringence imaging using quartz crystal to optically generate hue colour 
contrast to fibre orientation (Shribak, 2015), rather than creating such 
contrast post-hoc. This eliminates the need for multiple raw images acquired 
at several polarizer orientations, complicated post-processing of data and 
may boost the use of polarimetry in neuroscience.
UK Biobank
Population scale
Throughout this thesis, we mostly discussed scales in terms of a spatial 
measure of unit. In Chapter 5 we exploited the strength of the population 
scale by incorporating data from the UK Biobank project. Study of large 
populations enables exquisite sensitivity to very subtle differences between 
subjects. While inter-subject variations are sometimes small, clustering 
them together may create predictive factors that can explain significant 
variance. In genetics, such polygenic risk factors have been identified for a 
number of diseases (Torkamani et al., 2018); a similar approach may extend 
to phenotypes. The UK Biobank project in particular aims to discover early 
markers and risk factors of disease, by MR-scanning up to 100,000 subjects. 
The inclusion of imaging across the body, life-style questionnaires, donation 
of blood-samples, sequenced genomes and health care outcomes from all 
subjects makes the UK Biobank arguably the most versatile epidemiological 
study presented to date.
Connectivity
Having the luxury to use a diffusion and functional MRI data acquired from 
thousands of subjects in the UK Biobank, we demonstrated that big data can 
also provide novel insights into brain organization. The functional relevance of 
the microstructural organization of large white matter pathways was inferred 
from dMRI and fMRI data in Chapter 5. It is known that axons vary in diameter, 
myelination and density (Aboitiz et al., 1992) and that these modulate function 
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in terms of action potential conduction velocity. Furthermore, several 
groups have demonstrated already that resting-state functional connectivity 
coincides with structural connections (Koch et al., 2002; Hagmann et al., 
2008; Skudlarski et al., 2008; Greicius et al., 2009). These previous studies 
mostly considered the presence and “strength” of a tract that correlates 
with functional connectivity across subjects and brain regions. However, 
our approach is distinct from previous work by specifically targeting the 
microstructural profile of a white matter tract as a predictor of functional 
connectivity between the region connected by that tract. Here, we assumed 
that functional connectivity must be driven by a physical connection and 
that the properties of this connection are reflective of function. We showed 
that these relationships are spatially unique throughout the brain, and are 
specific to the tract connecting a given pair of regions, rather than reflecting 
global (whole-brain) microstructural differences between individuals. These 
principles are further supported by neuroplasticity studies that increasingly 
recognise white matter microstructure as an important feature for functional 
adaptation, in addition to synaptic plasticity (Scholz et al., 2009; McKenzie et 
al., 2014).
Genetics
To what extent genetics play a role in the brain’s structural and functional 
phenotypes was investigated using a genome-wide association study 
(GWAS). Here, the fraction of functional connectivity that was predicted by 
white matter microstructure was correlated to genetic variants, so-called 
single-nucleotide-polymorphisms (SNPs). Genome-wide, roughly 11 million 
imputed SNPs were included in this analysis. Across multiple brain regions, 
several SNPs co-located with genes DAAM1 and LPAR1 were significantly 
associated with the microstructure – function model fits. Both genes appear 
to play an important role in nervous system development: DAAM1 is involved 
in the guidance of commissural axons during development (Avilés & Stoeckli, 
2016) and LPAR1 establishes radial migration in the developing cortex and 
supports myelination and other glial processes during maturation (Yung et 
al., 2015). From a biological perspective it is plausible that variations in these 
specific genetic components could lead to alterations in microstructure and 
the brain function it subserves. Although we can derive causality from the 
genotype to phenotype associations, GWASs cannot elucidate the underlying 
working mechanism of how genetic variations lead to differences in brain 
structure and function. In addition, some criticism is growing towards the 
use of GWASs because they do not provide insight about the biochemical 
networks inside a cell (Boyle et al., 2017). Further, many hits found in GWASs 
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do not encode genes that produce proteins, making it hard to interpret their 
connection to the phenotype. Finally, heritable traits are often not fully 
explained by genetic variation. For instance, height is highly heritable, but 
in a recent study across ~250,000 people only 16% of differences in height 
could be attributed to genetic variation (Wood et al., 2014). Hence, caution is 
desired when interpreting the outcomes of a GWAS. One powerful approach 
is to use GWAS to discover loci underlying diseases (Visscher et al., 2017), 
which are then followed up with interventional studies to better understand 
the link between genetics and certain traits. For example, animal knock-out 
(or knock-in) models can be used to study the effect of gene silencing on 
the specific phenotype. Also, gene editing techniques such as CRISPR-cas9 
(Doudna & Charpentier, 2014) are likely very useful in such contexts. 
Concluding remarks
Several imaging techniques were employed in this thesis to study white 
matter in the human brain at multiple scales. From the results generated by 
these, we can conclude that there is most likely no single gold standard in 
neuroscience; all imaging modalities suffer from some form of limitation. 
Improving our understanding of brain structure and function is not a quest 
for employing the most sophisticated imaging technique, but instead using 
multiple, complementary methods to infer various aspects of the brain 
and learn how they interact with each other. In our work, the intricate fibre 
architecture in the corpus callosum – depicted with PLI in Chapter 3 – led us 
to study interhemispheric communication in Chapter 5 in more detail. From 
dMRI data alone, such striking fibre anatomy could easily remain unnoticed 
or be attributed to modelling errors, but the additional insight provided by 
convergent evidence from multiple sources provided confidence that these 
effects are real. This highlights the importance of refreshing our views with 
renewed technology sometimes and enhance our curiosity. 
This thesis has addressed several contributions to the neuroscience 
community that are highlighted above. Whereas the primary aim of research is 
to answer questions, it simultaneously raises new problems. Future research is 
necessary to tackle these problems. For instance, fibre orientation dispersion 
was validated in white matter regions, but how well do dMRI dispersion 
measures reflect the fibre architecture in grey matter? Or, with regards to 
the ALS study, are other white tracts that connect the circuit of Papez also 
affected in these patients? And if so, which tract undergoes degeneration 
first? Furthermore, can pre-operative dMRI tractography in cerebellar tumour 
patients estimate cerebellar white matter distortions caused by the tumour? 
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And does it decrease the change of developing cerebellar mutism after 
surgery by incorporating this information? Regarding the genetic variants 
found in the UK Biobank study, a direct relationship between the genes and 
brain structure is not established here. Attribution of these relationships to 
specific biological sources - and ideally causality - cannot be achieved with 
this kind of observational study but would likely require interventional studies 
in animals. Animal knock-out models may serve as the gold standard here, 
by switching off genes DAAM1 and LPAR1 to study variation in white matter 
microstructure in, for example mice. Although this does not uncover the 
biochemical network of the genetics, it does provide evidence that white 
matter microstructure is indeed driven by these genetic variants. Such an 
approach is currently being investigated in collaboration with the International 
Mouse Phenotyping Consortium. 
With MRI becoming increasingly available in clinical and research settings, it 
is important that we accurately learn the mapping from ground truth tissue 
microstructure to the imaging-derived phenotypes. Furthermore, application 
of dMRI and microscopy to validated (animal) models, should enhance the 
interpretation of imaging-derived phenotypes in health and disease. The 
work presented in this thesis hopefully inspires the framework for future 
approaches. 
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Nederlandse Samenvatting
Magnetische Resonantie Imaging (MRI) is op dit moment de meest veelzijdige 
techniek om de hersenen op een non-invasieve manier in kaart te brengen. 
Met een scala aan contrast mechanismen kan zowel de structuur (anatomie) 
als de functie (activiteit) van de hersenen worden gemeten. MRI wordt 
veelvuldig gebruikt in de kliniek als diagnostisch hulpmiddel, maar ook in 
de neurowetenschap is MRI van onschatbare waarde om de werking van 
hersenen beter te begrijpen. 
Hoofdstuk 1
In Hoofdstuk 1 gaan we in op de werking van MRI met de nadruk op diffusie 
MRI. Deze vorm van MRI maakt gebruik van de beweging van watermoleculen 
in hersenweefsel om een beeld te krijgen van de microscopische samenstelling 
van het weefsel. Hier is de gedachte dat diffusie wordt gehinderd door de 
aanwezigheid van celmembranen en andere macromoleculen. Voor witte 
stof weefsel in het bijzonder is de diffusie van watermoleculen anisotroop; 
de diffusie is afhankelijk van de richting. Witte stof bestaat voornamelijk uit 
zenuwvezels, ook wel axonen genoemd, die ervoor zorgen dat hersengebieden 
met elkaar zijn verbonden en kunnen communiceren. De communicatie 
gebeurd door de geleiding van elektrische signalen, de zogenaamde actie 
potentialen. In witte stof liggen de axonen grotendeels parallel aan elkaar. 
Door een axon te beschouwen als een holle cilinder, is diffusie – de beweging 
van watermoleculen – groter in de richting parallel van een axon dan loodrecht. 
Met diffusie MRI wordt de diffusie sterkte in de hersenen gemeten in een aantal 
verschillende richtingen. Aan de hand van het diffusie profiel kan vervolgens 
worden gereconstrueerd hoe het hersenweefsel er op microscopisch niveau 
uit ziet. De richting van zenuwvezels kan bijvoorbeeld worden bepaald op 
basis van het diffusie profiel. De vezelrichting kan vervolgens worden gebruikt 
om het netwerk van zenuwbanen in de hersenen te reconstrueren, ook wel 
tractografie genoemd.
Diffusie MRI tracht een beeld te maken van processen die zich op 
microscopisch niveau afspelen, de interactie tussen watermoleculen en 
weefsel. Hoewel diffusie MRI gevoelig is voor allerlei veranderingen die 
plaatsvinden in het weefsel, is het soms moeilijk te bepalen wat de bron een 
dergelijke verandering is. Bijvoorbeeld, een daling van de veel gebruikte maat 
fractionele anisotropie (FA; gerichtheid van diffusie) kan het gevolg zijn van 
zowel de afbraak van myeline, maar ook bij een vergroting van de ruimte 
tussen axonen (oedeem) ten gevolge hersenletsel. Met behulp van steeds 
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geavanceerdere methoden kunnen we specifiekere eigenschappen van het 
weefsel meten. Toch is het belangrijk om bestaande methoden te valideren. 
In dit proefschrift is gebruik gemaakt van microscopie technieken om het 
weefsel op microscopisch niveau te karakteriseren en dat te vergelijken met 
de MRI-beelden. Histologie is hiervan een klassiek voorbeeld; het weefsel 
wordt in dunne plakken gesneden en vervolgens gekleurd om een bepaald 
celtype te visualiseren (bijvoorbeeld celkernen, myeline of axonen). Een vrij 
recente techniek, Polarized Light Imaging (PLI), werd in Hoofdstukken 3 en 
4 gebruikt om de dichtheid en richting van gemyelineerde axonen te meten. 
Myeline heeft een anisotrope brekingsindex van licht en PLI maakt gebruik 
van gepolariseerd licht om dit effect te visualiseren. 
Hoofstuk 2
Het bepalen van de nauwkeurigheid van diffusie MRI tractografie staat 
centraal in het eerste onderzoek hoofdstuk van dit proefschrift, Hoofdstuk 
2. Tractografie werd toegepast om een zenuwbaan die het cerebellum 
verbindt met de thalamus, de tractus dentatorubrothalamicus (DRTT), te 
reconstrueren. Het cerebellum wordt ook wel de kleine hersenen genoemd, 
dat zich bevindt aan de achterzijde van het brein. Schade aan de DRTT is 
eerder verband gebracht met het cerebellair mutisme syndroom in kinderen 
na een operatie in het cerebellum; bijvoorbeeld na het verwijderen van een 
cerebellaire tumor. Het nauwkeurig bepalen van de locatie van de DRTT 
voorafgaand aan zo’n operatie zou een dergelijk syndroom kunnen voorkomen. 
In deze studie werd een post-mortem brein gescand met diffusie MRI om met 
tractografie de DRTT te reconstrueren. Vervolgens werd het hersenweefsel 
in dunne plakken gesneden en met behulp van een histologische kleuring 
werden gemyeliniseerde zenuwvezels gevisualiseerd. In elke plak werd de 
locatie van de DRTT gemarkeerd waarna de plakken weer in 3D op elkaar 
gestapeld werden, een zogenaamd histologisch volume. In de laatste stap 
werden het histologische volume en het MRI volume over elkaar heen gelegd. 
Op deze manier kon worden bepaald of de locatie van de DRTT zoals die door 
diffusie MRI tractografie wordt aangegeven overeenkomt met de locatie 
zoals die door de histologie wordt aangeduid. We vonden dat de locatie van 
de DRTT met tractografie grotendeels overeenkwam met de histologische 
reconstructie. 
Hoofdstuk 3
Naast het meten van de zenuwvezel richting in ieder MRI voxel (3D pixel) 
zijn er tal van modellen die worden toegepast op diffusie MRI data om 
meer gedetailleerde eigenschappen van hersenweefsel bloot te leggen. 
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Bijvoorbeeld om de configuratie van zenuwvezels beter te typeren wanneer 
ze elkaar kruisen, uitwaaieren of golvend patroon vertonen. In Hoofdstuk 3 
beschouwen we een diffusie MRI model dat de spreiding van zenuwvezels 
kan meten in een voxel. Deze spreiding kan belangrijk zijn om tractografie te 
verbeteren of juist dienen als maat voor de samenhang van zenuwvezels. Van 
dit model werd bepaald in welke mate het de daadwerkelijke vezelspreiding 
weergeeft door te vergelijken met histologie en PLI.
Van drie stukjes hersenweefsel (post-mortem) werd diffusie MRI opgenomen 
om vervolgens de spreiding van vezels te meten. De hersenweefsels bevatten 
ieder delen van zenuwbanen in het corpus callosum, de tractus corticospinalis 
en het cingulum. Na MRI werden de weefsels in dunne plakken gesneden die 
werden behandeld met een myeline of astrocyten kleuring of onbehandeld 
bleven om PLI toe te passen. Astrocyten (o.a. belangrijk voor de homeostase 
van de hersenen) werden meegenomen in deze analyse omdat ze vezelvormige 
uitlopers hebben en mogelijk is diffusie MRI gevoelig voor dit celtype. Met 
zowel de histologische kleuringen als PLI werd de vezelrichting bepaald en 
vergeleken met de MRI. We vonden een goede overeenkomst tussen met 
name de histologische myeline kleuring en diffusie MRI. De uitlopers van 
astrocyten bleken niet veel effect te hebben op de vezelspreiding zoals die 
met diffusie MRI wordt gemeten. Vergeleken met PLI, was de vezelspreiding 
gemeten met diffusie MRI consequent groter in alle witte stof gebieden. 
Daarnaast vonden we over het algemeen de beste correlatie tussen MRI en 
histologie in het corpus callosum.
Op basis van de resultaten van deze studie, kunnen we concluderen 
dat vezelspreiding door diffusie MRI over het algemeen correct wordt 
weergegeven. Dit is voornamelijk het geval in gebieden waar axonen elkaar 
niet kruizen, zoals bijvoorbeeld in het corpus callosum. Naast het valideren 
van de vezelspreiding, zou de data in deze studie gebruikt kunnen worden 
om de “mapping” tussen de daadwerkelijke vezel microstructuur en zoals die 
diffusie MRI wordt gegeven beter te begrijpen. In een toekomstige studie zal 
deze vraagstelling verder worden onderzocht.
 
Hoofdstuk 4
In Hoofdstuk 4 werden diffusie MRI, PLI en immunohistochemische kleuringen 
toegepast om witte stof veranderingen te meten in hippocampus weefsels 
van patiënten met amyotrophic lateral sclerosis (ALS). Grofweg 13% procent 
van de ALS patiënten ervaart een cognitieve achteruitgang die voldoet aan de 
criteria voor frontotemporal dementia (FTD). Beide ziektes wordt getypeerd 
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door ophopingen van het eiwit TDP-43 in neuronen. In ALS bevinden deze 
ophoping zich voornamelijk in motorische gebieden (primaire motor schors 
en ruggenmerg) van het centrale zenuwstelsel. De verspreiding van TDP-
43 in ALS naar hersengebieden die verbonden zijn via het circuit van Papez 
is een mogelijke indicatie voor de ontwikkeling van FTD symptomen. Het 
circuit van Papez verbindt gebieden in de hersenen die belangrijk zijn voor 
limbisch systeem met als functie het gebruik van geheugen en beïnvloeden 
van emoties. De hippocampus maakt deel uit van circuit van Papez en is 
belangrijk voor geheugen. De witte stof baan die hier o.a. doorheen loopt is 
de perforant path.  
In deze studie onderzochten we of afbraak van zenuwvezels in de witte stof 
van de perforant path mogelijk onderliggend zijn aan de FTD symptomen 
die een deel van de ALS patiënten ervaren. Hippocampus weefsels van ALS 
patiënten (n=14) en gezonde controles (n=5) werden gescand met diffusie 
MRI. Met behulp van tractografie werd de perforant path in elke hippocampus 
gereconstrueerd. Maten als FA en mean diffusivity (MD; sterkte van diffusie) 
werden gebruikt om een indicatie voor witte stof veranderingen in de perforant 
path te krijgen. FA was verlaagd en MD was verhoogd in ALS vergeleken 
met gezonde controles, mogelijk duidend of witte stof afbraak. Dit werd 
bevestigd door PLI, die werd toegepast om myeline dichtheid te meten in de 
perforant path. Verminderde myeline was aanwezig in de weefsels van ALS 
patiënten. Daarnaast werden immunohistochemische kleuringen toegepast 
om de hoeveelheid myeline, neurofilamenten, microglia en TDP-43 eiwit te 
meten. Zowel myeline eiwit als neurofilamenten waren lager in de ALS groep. 
Het aantal microglia was gelijk in beide groepen. De ophoping van TDP-43 in 
gyrus dentatus van de hippocampus was slechts aanwezig in twee van de 14 
ALS patiënten, een pathologisch kenmerk voor FTD. In deze twee patiënten 
was echter geen abnormale witte stof afbraak aanwezig ten opzichte van de 
rest van de ALS patiënten. 
Op basis van de resultaten konden we concluderen dat ALS patiënten 
verminderde witte stof in de perforant path hadden. Echter konden de 
resultaten niet bewijzen dat dit het gevolg was FTD pathologie. Hiervoor zijn 
o.a. meer patiënten met FTD voor nodig om dit goed te onderzoeken. Omdat 
perforant path witte stof in bijna alle ALS patiënten verminderd leek, gaat dit 
proces mogelijk vooraf aan TDP-43 ophoping in de hippocampus.
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Hoofdstuk 5
Hoofdstuk 5 beschrijft de laatste studie van dit proefschrift. Axonen hebben 
verschillende eigenschappen die bijdragen aan de geleiding van actie 
potentialen. Denk hierbij aan de diameter van een axon of de hoeveelheid 
myeline rondom een axon die de geleidingssnelheid bepalen. Hoewel zulke 
maten niet voor ieder axon afzonderlijk te meten zijn in-vivo, is diffusie MRI 
wel gevoelig voor variaties in de opbouw van axonen. FA zal veranderen door 
variaties in bijvoorbeeld axon diameter, dichtheid en de hoeveelheid myeline. 
Deze maten zijn dus belangrijk voor de communicatie tussen hersengebieden.
Hersenactiviteit is te meten met functionele MRI en kan worden gebruikt om 
communicatie (functionele connectiviteit) tussen hersengebieden in kaart 
te brengen. Twee hersengebieden zijn functioneel met elkaar verbonden 
wanneer ze op hetzelfde moment actief zijn. In deze studie hebben we 
onderzocht of de microstructuur (gedreven door eigenschappen als axon 
diameter, dichtheid en hoeveelheid myeline) van een witte stof baan kan 
voorspellen wat de functionele connectiviteit is tussen twee hersengebieden 
die zijn verbonden via deze baan. Daarnaast is onderzocht of de relatie 
werden gedreven door genetische invloeden. De data voor deze studie was 
afkomstig de UK Biobank studie en omvatte MRI-scans en het genoom van 
11.354 proefpersonen. 
Elk brein werd op basis van de functionele MRI scans opgedeeld in 81 
hersengebieden in elke hersenhelft. Vervolgens werd de witte stof baan 
die deze gebieden in de linker – en rechterhersenhelft met elkaar verbindt 
gereconstrueerd met diffusie MRI tractografie. Van de 81 witte stof banen 
die elk paar met elkaar verbinden, werd de microstructuur gemeten over de 
gehele witte stof baan. Hier werden de diffusie parameters zoals FA, MD en 
een aantal andere maten gebruikt. Vervolgens werd een model opgezet waarin 
samenhang van de witte stof microstructuur en de functionele connectiviteit 
van het corresponderende paar gebieden bepaald in ~7500 personen. Voor 
90% van de onderzochte gebieden werd een significante relatie gevonden 
tussen witte stof microstructuur en functionele connectiviteit. Gemiddeld 
konden deze modellen 4% (variërend van 1-13%) van de variantie in functionele 
connectiviteit voorspellen aan de hand van witte stof microstructuur. 
Voor sommige gebieden was dit tot wel 13%. Zelfs op basis van witte stof 
microstructuur van de andere ~4000 proefpersonen die het model niet 
“gezien” had, kon het model in nagenoeg gelijke mate voorspellen wat de 
functionele connectiviteit was.  
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In een zogenaamde Genome-Wide Association Study (GWAS) werd het 
DNA van ieder proefpersoon gelinkt aan de functie-microstructuur 
voorspelling voor elk afzonderlijk hersengebied. De GWAS vond twee genen 
die herhaaldelijk gelinkt werden aan meerdere hersengebieden; DAAM1 en 
LPAR1. Van DAAM1 wordt een eiwit geproduceerd dat belangrijk is voor tal 
van processen in de cel. Eerdere studies hebben aangetoond dat dit eiwit 
essentieel is voor het groeien van axonen tijdens de ontwikkeling van de 
hersenen. LPAR1 codeert voor een membraan receptor die neuronen helpt te 
migreren door lagen van de grijze stof tijdens de ontwikkeling.
In deze studie lieten we zien dat witte stof architectuur belangrijk is voor mate 
van communicatie tussen hersengebieden. Daarnaast vonden we voor een 
deel van de hersengebieden, dat deze relatie werd gedreven door genetische 
invloeden. 
Hoofdstuk 6
In het laatste hoofdstuk vatten we alle resultaten samen en schijnen we een licht 
op toekomstig onderzoek. In dit proefschrift zijn een aantal beeldvormende 
technieken – MRI en microscopie – gebruikt om witte stof te onderzoeken 
in het humane brein.  Op basis van de resultaten kunnen we concluderen dat 
er waarschijnlijk geen gouden standaard is om witte stof in beeld te brengen; 
elke techniek heeft zijn sterke en zwakke punten. Daarom moeten we niet op 
zoek gaan naar de beste techniek die ons leert hoe de hersenen werken, maar 
is het veel waardevoller om technieken te combineren die ons verschillende 
aspecten van het brein laten zien en hoe deze samenhangen. 
Het onderzoek in dit proefschrift heeft een aantal waardevolle toevoegingen 
kunnen leveren die in de paragrafen hierboven uiteen zijn gezet. Hoewel 
onderzoek bedoeld is om vragen te beantwoorden, levert het tegelijkertijd 
ook nieuwe problemen op die vragen om vervolgonderzoek. Als voorbeeld 
de studie in Hoofdstuk 5 waarin we lieten zien dat bepaalde genen gelinkt 
zijn aan hersenfunctie en witte stof. Om te achterhalen of de genen DAAM1 
en LPAR1 direct invloed hebben op hersenfunctie is meer onderzoek nodig. 
Hierbij kan men denken aan het gebruik van diermodellen, waar genen 
uitgeschakeld kunnen worden, zogenoemde knock-outs. In samenwerking 
met het International Mouse Phenotyping Consortium zijn we op dit moment 
bezig om deze genen uit te schakelen in muizen. Op deze manier kunnen 
we bepalen of er een directe relatie bestaat tussen DAAM1 en LPAR1, en 
hersenfunctie en anatomie.
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Tot slot, MRI is van onschatbare waarde gebleken in de afgelopen decennia en 
wordt daarom meer en meer toegepast in de kliniek en het onderzoek. Het is 
belangrijk dat we steeds beter begrijpen hoe het hersenweefsel zich vertaald 
op een MRI-afbeelding. Het gebruik van gevalideerde (dier-)modellen is 
hierbij van uiterst belang. Het onderzoek in dit proefschrift heeft geprobeerd 
hier een bijdrage aan te leveren en inspireert hopelijk toekomstig onderzoek 
in dit veld.
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Abbreviations
AD  Axial diffusivity
ADC  Apparent diffusion coefficient
ALS  Amyotrophic lateral sclerosis
B0  Main magnetic field
B1  Radiofrequency field
BEDPOSTX Bayesian estimation of diffusion parameters obtained using  
  sampling techniques
BIANCA Brain intensity abnormality classification algorithm
BOLD  Blood oxygenation level dependent
bvFTD  Behavioural variant of frontotemporal dementia
CC  Corpus callosum
CA  Cornu ammonis
CD68  Cluster of differentiation 68
chr  Chromosome
CNS  Central nervous system
CSO  Centrum semiovale
CST  Corticospinal tract
CSD  Constrained spherical deconvolution
DAAM1  Dishevelled associated activator of morphogenesis 1
DAB  3’-Diaminobenzidine
DG  Dentate gyrus
dMRI  Diffusion MRI
DOF  Degrees of freedom
DTI  Diffusion tensor imaging
DTITK  Diffusion tensor imaging toolkit
DRTT  Dentatorubrothalamic tract
DW-SSFP Diffusion weighted steady state free precession
EC  Entorhinal cortex
fMRI  Functional MRI
FA   Fractional anisotropy
FLAIR  Fluid-attenuated inversion recovery
FLIRT  FMRIB’s linear image registration tool
FN  False negatives
FNIRT  FMRIB’s non-linear image registration tool
FOD  Fibre orientation distribution
FOM  Fibre orientation map
FP  False positives
FPR  False positive rate
FSL  FMRIB’s software library
FT  Fixation time
FWE  Family wise error
GABA  Gamma-aminobutyric acid
GFAP  Glial fibrillary acidic protein
GLM  General linear model
GRE  Gradient echo
GWAS  Genome-wide association study
HCP  Human connectome project
HSV  Hue-saturation-value colourspace
JKAMP  JNK1-associated membrane protein
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ICA  Independent components analysis
ICVF  Intra-cellular volume fraction
ISOVF  Isotropic volume fraction
LPAR1  Lysophosphatidic acid receptor 1
maf  Minor allele frequency
MD  Mean diffusivity
MO  Mode of anisotropy
MIND  Modality independent neighbourhood descriptor
MRI   Magnetic resonance imaging
NODDI  Neurite orientation dispersion and density imaging
OCT  Optical coherence tomography
OD(I)  Orientation dispersion (index)
(f)ODF  (fibre) Orientation distribution function
PaS  Parasubiculum
PCA  Principal components analysis
PLI  Polarized light imaging
PLP  Proteo-lipid-protein
PMI  Post-mortem interval
PreS  Presubiculum
PROBTRACKX Probabilistic tracking with crossing fibres
QC  Quality control
QWP  Quarter wave plate
RD  Radial diffusivity
RF  Radiofrequency
ROC  Receiver operating characteristic
ROI  Region of interest
rsid  Reference SNP cluster identifier
SI  Similarity index
SMI-312  Neurofilament stain
SNR  Signal to noise ratio
SNP  Single-nucleotide-polymorphism
ST  Structure tensor
Sub  Subiculum
SVD  Singular value decomposition
T1  Longitudinal relaxation time-constant
T2  Transverse relaxation time-constant
TBSS  Tract-based spatial statistics
TDP-43  TAR DNA-binding protein 43
TE  Echo time
TI  Inversion time
TIR  True inversion recovery
TN  True negative
TP  True positive
TPR  True positive rate
TR  Repetition time
TRUFI  True fast imaging with steady-state free precession
TVE  Total variance explained
VCAN  Versican
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young scientists. To achieve this goal, the Donders Institute for Brain, Cognition 
and Behaviour established the Donders Graduate School for Cognitive 
Neuroscience (DGCN), which was officially recognised as a national graduate 
school in 2009. The Graduate School covers training at both Master’s and 
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in a medical environment, mainly in genetics, geriatrics, psychiatry and 
neurology. Specialists in a psychological environment, e.g. as specialist in 
neuropsychology, psychological diagnostics or therapy. Positions in higher 
education as coordinators or lecturers. A smaller percentage enters business 
as research consultants, analysts or head of research and development. 
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